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Abstract. Neural networks are increasingly deployed in safety-critical
embedded systems, where every task needs a guaranteed worst-case ex-
ecution time. For neural network inference, deriving such a bound is
relatively straightforward because the computation is fixed by the net-
work architecture. The main challenge lies in the code executed after
inference, whose behavior may depend on the network’s output. This
dependence introduces data-dependent control flow into an otherwise
fixed computation. Conventional timing analyses that track only a single
interval for each program variable often cannot bound network outputs
precisely enough to eliminate infeasible behaviors. As a result, they must
conservatively assume the worst case for all subsequent code. Abstract
interpretation can provide more precise, input-dependent bounds on net-
work outputs and intermediate results. The technique is already widely
used in the machine learning community to ensure neural network ro-
bustness. We show that the same bounds used to establish neural network
robustness can be translated into flow facts to improve timing analysis.
We present DEEPWCET, a framework that integrates neural network
abstract interpretation into the LLVM compiler toolchain and automat-
ically generates such flow facts for WCET analysis. In a representative
case study on the ACAS Xu collision avoidance neural networks, our
approach reduces the analyzed WCET of the combined inference and
post-inference task by up to 42 % compared to a conventional timing
analysis without neural network-derived flow facts.

Keywords: Worst-case execution time (WCET) - Neural networks - Ab-
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1 Introduction

Neural networks are increasingly deployed in embedded safety-critical systems,
particularly in the avionics and automotive domains. They enable complex phys-
ical relationships to be modeled within the limited computational resources of
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a microcontroller, where conventional hand-written algorithms often fail to cap-
ture the underlying behavior. Examples range from estimating electric motor
temperatures [23] to implementing policies for aircraft collision-avoidance sys-
tems [20]. In the latter case, neural networks have also been shown to provide a
substantially more memory-efficient representation than traditional lookup ta-
bles, which can exceed the memory available on certifiable avionics hardware.

An essential requirement for deployment in such domains is the verification of
neural network robustness. In particular, a network’s decision must remain stable
under small perturbations of its inputs. Today, this can be achieved with the
help of abstract-interpretation-based verifiers [14]. Prominent examples include
DeepZ [42], DeepPoly [43], and CROWN [54]. These methods employ relational
abstract domains to model how an input region propagates through the network.
The resulting bounds can be used to prove that a required property holds for
all inputs within the safety-critical region. Such techniques have already found
their way into recent standardization efforts. For example, ISO/PAS 8800 [19]
identifies formal verification of neural network properties as one of the measures
for providing evidence of robustness.

In addition to satisfying robustness requirements, safety-critical applications
must also provide sound worst-case execution time (WCET) bounds, as required
by standards such as ISO 26262 [18] and DO-178C [38]. In practice, however,
soundness alone is not sufficient. The bounds must also be tight. Overly conserva-
tive WCET estimates waste computational resources and reduce schedulability.
Tighter bounds allow more tasks, or more computation within each task, to be
accommodated in the same schedule.

Obtaining a tight WCET for neural network inference itself is typically
straightforward. The structure of the generated code is fixed by the network
architecture and known at compile time, and all loop bounds are constant. More-
over, neural network implementations typically rely on fixed-latency operations,
making their execution time largely independent of the input. The code paths
taken following the inference, however, may depend on the network’s output and
vary in their execution time. Thus, the network introduces data-dependent con-
trol flow into an otherwise fixed-shape computation. For a given operating mode,
some of these paths may be unreachable because the corresponding network out-
puts cannot occur. Excluding such infeasible paths from the analysis can result
in a tighter mode-specific WCET and free additional execution time for other
tasks. Doing so requires a sound bound on the network’s possible outputs over
the corresponding range of inputs.

Existing WCET tools already perform value analysis using abstract inter-
pretation [9]. Mainstream timing analyzers [13,1] use non-relational domains
such as intervals or circular linear progressions [7]. These domains track each
program variable independently and therefore ignore the relationships between
neurons, yielding highly pessimistic bounds for neural networks. As a result, the
over-approximation accumulates from layer to layer. What is missing is a neural
network-aware abstract domain that captures these inter-neuron correlations.
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Our key observation is that the abstract domains developed by the machine
learning community for robustness verification can also be used for WCET anal-
ysis. For each system mode, corresponding to a particular set of environmental
conditions and input range, they compute tight bounds on the network’s possible
outputs, from which the feasible execution paths can be derived. The analysis
also provides bounds on intermediate values, which can be used to bound the
operands of variable-latency instructions.

In summary, this paper makes the following contributions:

1. We show how the abstract domains commonly used for neural network ro-
bustness verification can be repurposed for WCET analysis, and how the
resulting bounds can be used as flow facts in a timing analysis.

2. We present DEEPWCET, a whole-system framework built on the LLVM/
MLIR compiler infrastructure [26,27]. It analyzes static-shape feed-forward
networks in the ONNX exchange format [35] and propagates the resulting
bounds to the machine-code level, where they are consumed by the timing
analysis. We evaluate our framework on the TriCore [47] architecture, which
is widely used in safety-critical embedded systems.

3. We provide a case study based on the widely used ACAS Xu collision-
avoidance networks for unmanned aerial vehicles (UAVs) [20]. We pair the
benchmark with a representative post-inference task whose WCET depends
on the network’s prediction, and show how tighter output bounds eliminate
infeasible execution paths and reduce the resulting WCET across different
operating modes.

The remainder of this paper is structured as follows. Section 2 introduces feed-
forward neural networks, their abstract interpretation, and whole-system WCET
analysis. Section 3 presents DEEPWCET’’s design, and Section 4 details its im-
plementation. Section 5 evaluates the resulting WCET improvements and analy-
sis costs in a representative case study. Finally, Section 6 discusses related work,
and Section 7 concludes with future work.

2 Background

This section introduces the neural networks we consider (Section 2.1), the ab-
stract domains used to analyze them (Section 2.2), and the whole-system WCET
analysis into which the resulting value bounds are integrated (Section 2.3).

2.1 Feed-Forward Neural Networks

The networks we consider in this work are feed-forward multi-layer perceptrons
(MLPs), which are composed of a sequence of affine transformations interleaved
with element-wise activation functions. During inference, an input vector is prop-
agated through the network one layer at a time. Writing (%) = z for the input,
a network of L layers computes

RO O_(W(k)x(k—l)_;'_b(k)), k=1,...,L, (1)
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where W) and b*) are the trained weight matrix and bias vector of layer k,
and o is the activation function, which is applied component-wise. Throughout
this work, we assume o = ReLU, where ReLU(t) = max(0,t) is the piecewise-
linear rectified linear unit. This is the common choice for the networks in this
domain, and it is the one for which all of the abstract domains of Section 2.2
are defined. The inference executes the same sequence of operations for every
input. In particular, the dimensions of all intermediate vectors and matrices, and
thus the resulting loop bounds, are fixed by the network architecture, leaving no
input-dependent variation in the control flow.

We distinguish between regression and classification networks because the
surrounding program uses their outputs differently. A regression network returns
one or more physical quantities, that is, real-valued outputs that are consumed
directly by the program. A classification network instead assigns one score xz(-L)
to each class ¢, which reflects a cost or a probability. The predicted class is then
computed as
(L)

¢ = argmin x;

ie{l,...,n}

(or argmax, depending on the convention).  (2)

We use the arg min convention throughout the paper because the networks in
our case study select the lowest-cost class. Regression and classification networks
also differ in their WCET analysis. For regression networks, the returned val-
ues must be bounded numerically because they directly influence subsequent
computations. For classification networks, the prediction determines the control
flow, so bounding the network’s outputs allows infeasible execution paths to be
excluded. The selected class is the one whose score is lower than all others (or
higher, depending on the convention). Equivalently, class j is selected if and only
if:

2P 2P <0 vie{l,...,n}. (3)

2.2 Abstract Interpretation of Neural Networks

Abstract interpretation of neural networks works by propagating an abstract ele-
ment that represents a whole region of inputs through the layers of the neural net-
work, yielding a sound over-approximation of all reachable outputs. The abstract
domain determines how this region is represented and manipulated during the
analysis. Several such domains have been proposed in the literature [14,42,43,54].
They differ primarily in the amount of correlation they preserve between neurons.
Preserving more of these relationships leads to tighter output bounds, an effect
that becomes increasingly important in deeper networks because each non-linear
activation introduces additional over-approximation.

Interval/Box: One Range per Neuron. The interval (or box) domain is the stan-
dard choice for general-purpose value analysis [13]. The analysis starts from an
input region [z,,%1] X -+ X [z,,, %] derived from physical constraints, sensor
ranges, or the operating mode. These intervals are propagated through the net-
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Fig. 1. Loss of correlation in the interval domain. Both hidden neurons are equal to
the same input variable, so the difference d = y1 — y2 = 0. The box domain cannot
capture this relation, while the noise symbols in DeepZ cancel out.

work using interval arithmetic: Affine transformations update them by multipli-
cation and addition, while activation functions clamp the resulting bounds. The
interval domain treats each neuron independently and therefore cannot capture
relationships between them. As a result, the over-approximation accumulates
from layer to layer and can become substantial even for moderately deep net-
works. Figure 1 illustrates this limitation on a simple affine computation: For
x € [-1,1] and y; = y2 = =z, the box bound on y; — yo is [—2,2], although
the difference is always exactly 0. The domain has no way of recording that
both neurons are derived from the same input, whereas the relational domains
discussed next retain this information.

Zonotope-based Domain (DeepZ). The zonotope domain represents each neuron
by an affine form

T = CO+ZCi5ia €; € [_lal]a (4>
%

over a set of shared noise symbols ¢; [42,15]. The initial noise symbols correspond
to the network’s input range. A concrete interval for a neuron is obtained by
evaluating the affine form over all ¢; € [—1, 1], yielding [co— 3, |ci|, co+>; |eil]-
Affine layers are handled exactly: multiplying by W) and adding b*) maps
affine forms to affine forms without introducing any over-approximation. Only
the non-linear layers require an approximation. For a ReLLU whose concrete input
bounds [I, u] cross zero (I < 0 < u), DeepZ replaces the ReLU by the minimum-
area parallelogram enclosing its graph (see Figure 2a),

U —lu

Z = AL+ p+ fenew, )\:mv M:mv (5>
which introduces one fresh noise symbol ey,ey. Stable ReLUs (I > 0 or u < 0)
are represented exactly and require no additional symbol. The strength of the
domain lies in the shared noise symbols. Neurons that depend on the same
input retain this dependency through the common symbols, allowing correlations
to be preserved across layers. For example, in Figure 1, the shared symbol ¢;
cancels in y; — yo, yielding the exact result 0. While DeepZ retains dependencies
through shared noise symbols, its symmetric relaxation of unstable ReLUs loses
information that the domain discussed next can preserve more precisely.
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Fig. 2. Convex relaxations of an unstable ReLU with input interval [I, u]. Both DeepZ
and DeepPoly use the same affine upper bound. DeepZ completes the relaxation with
a minimum-area parallelogram. DeepPoly instead uses a single affine lower bound,
resulting in the triangular relaxation shown in (b).

Polyhedra-based Domain (DeepPoly). DeepPoly represents each neuron by a
symbolic lower and upper affine bound in terms of the neurons of the preceding
layer [43],

ajS D 4 ch < z; < aj2 cgRD 4 cjz, (6)
together with concrete bounds [;,u;. These concrete bounds are computed by
back-substitution: the symbolic bounds are repeatedly rewritten in terms of neu-
rons from earlier layers until they are expressed solely in terms of the network
inputs, at which point they are evaluated. Delaying concretization in this way
preserves relationships between neurons across multiple layers. In particular, as
for DeepZ, opposing symbolic terms cancel before interval bounds are introduced,
avoiding much of the over-approximation incurred by the interval domain.

For an unstable ReLU with input « € [I, u] and output y, DeepPoly approxi-
mates the activation by one affine lower bound and one affine upper bound. The
upper bound is the line through (I,0) and (u,u). The lower bound is chosen as
either y > 0 or y > z, depending on which yields the smaller relaxation area.
The resulting triangular relaxation is illustrated in Figure 2b. Unlike DeepZ, no
additional symbolic variables are introduced. Instead, the computational cost
is shifted to the repeated back-substitution needed to compute the concrete
bounds.

Neither DeepZ nor DeepPoly dominates the other in general. Their precision
depends on both the network and the verification objective [43,3]. Beyond these
abstract domains, exact verification techniques based on MILP or SMT have also
been proposed [46,22,21]. While complete, these approaches scale poorly even to
moderately sized networks. For our purposes, relational abstract domains pro-
vide a suitable trade-off between scalability and precision. They yield sound
over-approximations while typically remaining sufficiently tight for deriving use-
ful WCET bounds. Finally, these abstract domains were originally developed
for robustness verification rather than WCET analysis. In robustness verifica-
tion, the computed bounds are used only to prove that a network’s prediction
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remains unchanged under input perturbations. Our approach instead reuses the
output bounds and intermediate value bounds to constrain the program behavior
considered during subsequent timing analysis.

2.3 Whole-System WCET Analysis

Implicit path enumeration (IPET) [30] formulates the control-flow graph of a
program as an integer linear program (ILP), whose variables represent the exe-
cution counts of the basic blocks and whose objective is the total execution time,
obtained by weighting each block with its execution cost. The constraints of this
ILP are known as flow facts. They encode semantic information such as loop
bounds, infeasible paths, or bounds on the operands of instructions. Flow facts
are typically derived by a value analysis based on abstract interpretation. These
constraints are crucial for obtaining tight WCET bounds. Without them, the
ILP is free to choose the structurally longest path through the program, even if
that path is infeasible.

Whole-system WCET analysis [12,52] extends this framework beyond in-
dividual tasks. Rather than analyzing each task in isolation, it also considers
the operating system and the interactions between tasks, allowing system-wide
knowledge to constrain the execution paths within each task. Our approach
extends this principle to neural networks. In addition to the task set and the
operating system, we analyze the neural network by abstract interpretation over
the domains introduced in the previous section. The resulting bounds on neuron
values and network outputs are then translated into flow facts for the same ILP
formulation.

3 Design

We present DEEPWCET, a framework for WCET analysis of neural network-
driven applications that integrates relational abstract interpretation into the
LLVM compiler infrastructure [26,27]. This section provides an overview of how
DEepWCET works. It explains how value bounds are computed for neural net-
works using the abstract domains introduced in Section 2.2, how these bounds
are propagated through the compiler, and how they are translated into flow facts
to derive tight, mode-specific WCET bounds.

3.1 System Model

Our work targets safety-critical embedded systems and assumes a single-core
processor without caches or timing anomalies. We further assume that timing
analysis is compositional, so that a WCET bound for the entire program can be
derived from the bounds of its individual basic blocks. These assumptions reflect
common design choices in small, predictable safety-critical embedded systems,
where hardware simplicity and timing analyzability are often prioritized over
architectural complexity and performance. The programs we consider perform
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Fig. 3. Overview of DEEPWCET. Given a neural network classifier and an input
region X,,, DEEPWCET performs abstract interpretation during compilation to com-
pute value bounds for the network, bounding each output class y; by a cost interval
[¢i,us]. The classifier selects the class of lowest cost, so a class whose lower bound ex-
ceeds the smallest upper bound ©* = min; u; can never be selected and is excluded
(red). DEEPWCET records the resulting intervals and exclusions as network metadata
alongside the compiled inference code and combines them with metadata describing
the post-inference task. The analyzer then translates these value bounds into flow facts
and computes a mode-specific WCET.

ONNX-MLIR output classes
abstract interpretation

n :, target

i cost model :

Y2 N | R R
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vs B Analyzer |, WCET
ILP formulation for mode m

neural network inference, whose output is subsequently consumed by one or
more post-inference tasks. Our analysis focuses on the computations that follow
the neural network inference, whose execution paths and execution times may
depend on the network’s output.

3.2 Overview

Figure 3 provides an overview of DEEPWCET. The analysis takes as input a
neural network in the ONNX exchange format [35] together with a user-defined
input region. The input region is determined by the current operating mode or
by assumptions on the network inputs, such as sensor ranges. Since different
operating modes typically restrict the admissible inputs, each mode is analyzed
separately. The ONNX model is processed by ONNX-MLIR [28], an open-source
compiler framework built on LLVM Multi-Level Intermediate Representation
(MLIR [27]). ONNX-MLIR lowers the network in the ONNX format through
several intermediate representations before generating LLVM IR and, ultimately,
executable machine code.

Our abstract interpretation is integrated into this compilation pipeline. It
operates on the high-level ONNX representation, where the network structure
and its operators are still explicit, and computes value bounds for the network.
These bounds are attached to the corresponding compiler operations and propa-
gated through the lowering process, establishing a mapping between the original
ONNX operators and the generated LLVM IR and machine code. The resulting
value bounds are emitted as metadata alongside the compiled program, following
the approach of existing compiler-integrated WCET toolchains [31,17].

The post-inference code is compiled in the same way. Its program model and
metadata are combined with the information obtained from the network analysis
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and passed to the WCET analyzer, which derives a mode-specific timing bound
for the selected input region. Annotations in the post-inference code make ex-
plicit how the network output affects the subsequent execution paths, allowing
the analyzer to relate feasible network outputs to the corresponding program be-
havior. DEEPWCET currently supports the three abstract domains introduced
in Section 2.2: The interval (Box) domain, DeepZ [42], and DeepPoly [43]. In
the following, we refer to the corresponding configurations of DEEPWCET as
DEEPWCETgRox, DEEPWCETz01,, and DEEPWCETp,y, respectively. As we
will show in Section 5, the choice of abstract domain has a significant impact
on the precision of the inferred value bounds and, consequently, on the resulting
WCET estimate.

3.3 From Network Bounds to Flow Facts

Our analysis starts from an input region X,,, which is determined by the current
operating mode m and the corresponding assumptions on the network inputs,
such as sensor value ranges. For a network with n inputs, the region is represented
as one interval per input, X,, = [2,,T1] X -+ X [2,,, Tn].

DEePWCET analyzes this region using abstract interpretation and com-
putes symbolic and concrete bounds for every intermediate neuron and network
output. These bounds are then used to restrict the control flow of the post-
inference task, for example by bounding the trip count of a loop that depends
on the network output. This distinguishes DEEPWCET from conventional ro-
bustness verifiers, which typically use the computed bounds only to establish
the desired robustness property. In contrast, DEEPWCET retains the inter-
mediate and output value bounds and translates them into flow facts for the
subsequent timing analysis. For regression networks, the output bounds can be
used directly because the post-inference code consumes the returned values nu-
merically.

For classification networks, the output intervals alone are not sufficient be-
cause the predicted class is determined by an arg min or arg max operation over
all network outputs. Writing f;(z) = mEL) for the score assigned to class i, the
abstract interpretation computes one interval per output,

filz) € [z;,T;] forall x € Xy, i=1,...,n. (7)

A class i can be excluded from the network’s predictions if there exists another
class j whose score is guaranteed to be lower over the entire input region, that
is, if

dj#i: max (fj(z) — fi(z)) < 0. (8)

z€Xm

A straightforward way to evaluate Equation (8) is to compare the concrete
output intervals of Equation (7). Class ¢ can be excluded if there exists another
class j for which T; < z;, that is, if the entire interval of class j lies below that
of class i. Figure 3 illustrates this criterion for five output classes. In practice,
however, this test is often too conservative because it treats the output intervals
independently and ignores the correlations between them.
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Instead, for relational abstract domains, we evaluate Equation (8) symboli-
cally by forming the difference f; — f; from the symbolic bounds computed by
the abstract interpretation. Shared symbolic terms cancel before concretization,
yielding tighter bounds on the difference. The classes that satisfy Equation (8)
are excluded, while the remaining classes form the set P(X,,) of predictions that
are feasible for the input region X,,. Because the analysis is sound, P(X,,) is
a sound over-approximation of the network’s possible predictions. In many ap-
plications, each predicted class corresponds to a distinct execution path in the
post-inference code. Excluding infeasible classes therefore allows the correspond-
ing control-flow paths to be eliminated from the subsequent WCET analysis.

Deriving the Flow Facts. For each input region X,,, DEEPWCET translates the
computed network bounds into flow facts for the WCET analysis (Section 2.3).
The form of these flow facts depends on how the network output is used by the
program. If the prediction determines the control flow, infeasible branches are
excluded from the ILP. If the output is used as a numeric value, for example as
the bound of a subsequent loop, the corresponding bound is tightened instead.
More generally, let ¢(i) denote the application-specific cost of prediction i,
for example the trip count of a loop or the execution time of a particular code
path. Since only the predictions in P(X,,) remain feasible, the flow fact is

N = ). 9
ierg(%f@) 9)

Excluding additional predictions can only decrease this bound. If no predictions
are excluded, the analysis falls back to the structural worst case.

Floating-Point Soundness. The deployed networks execute using IEEE 754 sin-
gle-precision (FP32) arithmetic. Since bounds derived over real arithmetic do not
necessarily hold under floating-point semantics, DEEPWCET explicitly accounts
for rounding errors during abstract interpretation. For each affine layer, it bounds
the error of the underlying dot products using the standard floating-point error
bound [16]. The resulting error is introduced as a symbolic term, allowing it
to propagate relationally through subsequent layers and, where possible, cancel
when forming output differences such as f; — f; in Equation (8).

Soundness additionally requires a connection between the semantics assumed
by the analysis and the machine code that is ultimately executed [45]. DEEP-
WCET establishes this connection through its compilation pipeline. It validates
the lowered module against the assumptions of the floating-point error model,
including the floating-point format, operations, compiler flags, and number of
roundings. If validation fails, compilation is rejected. Timing analysis with-
out network-dependent flow facts uses the structural worst case. Together with
an input region covering all admissible inputs, this ensures that P(X,,) over-
approximates all possible network predictions. Combined with a sound timing
model, the resulting WCET bound is sound for the compiled program.
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ONNX node names are preserved during lowering
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ONNX dialect
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Fig. 4. Integration of DEEPWCET into the ONNX-MLIR compilation pipeline. Ab-
stract interpretation (1) runs on the canonicalized ONNX dialect, where the network
structure is still available. The resulting value bounds are attached to the correspond-
ing LLVM dialect operations (2), emitted as LLVM IR metadata (3), and finally emitted
as flow facts in the generated program metadata (4).
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4 Implementation

DEePWCET comprises three main components: an abstract interpretation in-
tegrated into ONNX-MLIR, a metadata generation pass integrated into LLVM,
and a standalone WCET analyzer. The following sections describe these three
components, followed by the LLVM backend developed for our target platform.

4.1 Abstract Interpretation as a Compiler Pass

We implement the abstract interpretation as an additional analysis pass in
ONNX-MLIR. The pass is enabled by a compiler flag that selects the abstract
domain (box, deepz, or deeppoly) and takes a file describing the input region.

ONNX-MLIR lowers ONNX models to LLVM IR through a sequence of in-
termediate representations based on MLIR dialects, i.e., sets of operations and
types tailored to a particular abstraction level (see Figure 4). Beyond the ONNX
dialect, network operators are lowered to loop nests operating on memory buffers
(Krnl, Affine, SCF, and MemRef dialects), at which point the network structure
is no longer explicitly represented. Therefore, our pass operates at the ONNX
dialect level, where both the network structure and individual operators remain
explicit. It is executed after the compiler’s canonicalization pass, which signifi-
cantly reduces the number of abstract transformers that need to be implemented.
For example, a MatMul operation followed by an Add is canonicalized into a single
Gemm ( General matriz multiplication) operator before our analysis is invoked.

We implemented the Box, DeepZ [42], and DeepPoly [43] domains follow-
ing their original publications and reference implementations [44,53]. The im-
plementation currently supports the basic operators required by feed-forward
ReLU networks with a single, statically shaped input. If the network contains
unsupported operators, no abstract interpretation is performed. The model can
still be compiled, in which case the timing analysis conservatively assumes the
structural worst case.
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4.2 Lowering the Value Bounds to the Machine Code

The abstract interpretation operates on the ONNX dialect, whereas the gener-
ated code is produced several lowering stages later. The computed value bounds
must therefore be propagated through the compilation pipeline to the LLVM
backend, where the program metadata is generated.

ONNX-MLIR makes this possible through its operation naming scheme. It
records the original ONNX node names in the source information of generated
operations, also when several nodes are combined during compilation. These
names link each ONNX node to all operations generated from it. This mapping
relies on the naming convention of the ONNX-MLIR version used in this work.
For each node that performs floating-point arithmetic, the validator must iden-
tify the generated operations to check their rounding errors. Compilation fails
if these operations cannot be identified or if transformations, including duplica-
tion, violate the floating-point model. A reshape changes a tensor’s dimensions
without changing its values and may generate no additional code. The validator
accepts this because reshaping introduces no rounding error. Our analysis stores
the bounds as a module attribute. A second pass on the LLVM dialect uses these
names to attach the previously computed bounds to the corresponding lowered
operations. During translation to LLVM IR, these attributes become metadata.
For classification networks, the metadata additionally stores the set of output
classes that remain feasible for the selected input region.

In the LLVM backend, we reuse existing infrastructure that constructs a
control-flow relation graph (CFRG) that relates LLVM IR instructions to the
generated machine code [17,31]. We extended the metadata generation to emit
the network-derived value bounds as flow facts alongside existing information
such as constant loop bounds. The generated program metadata is consumed
by the analyzer alongside the compiled binary. The post-inference code follows
the same compilation pipeline, producing a second metadata file that is ana-
lyzed together with the inference metadata. Annotations make the connection
between the network output and the corresponding execution paths explicit to
the analyzer.

4.3 The Analyzer

The analyzer component of DEEPWCET consumes the program metadata gen-
erated for the inference and post-inference code together with the corresponding
binary. It is based on Platin [31], uses its metadata formats, and follows the
whole-system approach of SysWCET [12]. It combines the metadata into a single
ILP formulation and translates the emitted flow facts into ILP constraints. For
example, if the analysis determines that certain output classes are infeasible, the
analyzer excludes the corresponding control-flow paths from the ILP. Likewise,
value bounds are translated into constraints on loop bounds or variable-latency
instructions whenever applicable.
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4.4 The TriCore Backend

The Infineon TriCore architecture [48] is widely used in safety-critical embedded
systems and serves as the target platform of our evaluation. Our framework
requires a native LLVM backend because the program metadata used by the
timing analysis is generated during code generation. In particular, constructing
the control-flow relation graph requires relating LLVM IR instructions to the
emitted machine-code instructions, information that is not available when using
an external compiler toolchain.

To the best of our knowledge, no actively maintained TriCore backend for a
recent LLVM release is publicly available. We therefore ported an existing Tri-
Core backend [8] to LLVM 23 and extended it to support our framework and
evaluation. Existing publicly available implementations target only LLVM 2.5 or
LLVM 3.7 [50]. Our implementation targets the Infineon AURIX TC3xx family,
which is based on the TriCore TC1.6.2P architecture, and is intended to be com-
patible with the newer AURIX TC4x family. To validate the implementation, we
implemented sufficient functionality to compile the Infineon Low-Level Drivers
[49], the vendor-provided peripheral driver and hardware abstraction library for
the AURIX platform.

The implementation follows the publicly available TriCore EABI specifica-
tion [48]. Unlike most RISC architectures, TriCore distinguishes between data
and address registers, and the calling convention makes use of both register
classes. Implementing the backend therefore required modeling this register or-
ganization and its calling convention, including the convention that function
pointers are passed in address registers. Additional work was required to sup-
port instructions operating on register pairs as well as the coexistence of 16-bit
and 32-bit instruction encodings.

5 Evaluation

This section evaluates DEEPWCET using the ACAS Xu collision-avoidance net-
works published by Julian et al. [36,20]. We first compare the supported abstract
domains across the operating space and quantify the resulting WCET reductions
for six representative operating modes. The analysis is then extended to all 45
ACAS Xu networks to assess the influence of different network parameters. We
further compare the analyzed WCETs with measurements on the target hard-
ware and examine the computational cost of the analysis. Finally, we study how
the precision of the value bounds evolves through the network and summarize
the main findings of the evaluation.

5.1 Case Study and Setup

We evaluate DEEPWCET using the horizontal collision-avoidance networks of
ACAS Xu for unmanned aerial systems [20]. Besides their original use in air-
borne collision avoidance, these networks have become one of the most widely
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network inputs:

P range to the intruder
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Vown OWNShip speed

Vint intruder speed
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network outputs:
advisories / projection loop bound

clear of conflict - 0 iterations

hi Vown A ! "
ownsnhip -, weak left / right 1.5°/s 3000 iterations
B strong left / right  3°/s 1500 iterations

; 90° commanded turn

x + (p, 0,9, Vown, Vint) five geometric inputs

cost < infer(x) network inference

adv < argmin(cost) advisory with lowest cost analyzed WCET

n < iters[adv] 0 /1500 / 3000 iterations network inference and
for i = 1 to n: projection loop projection loop

project(own, int)

compiled task check_separation()

Fig.5. Encounter geometry and analyzed task (pseudocode) of the ACAS Xu case
study. The five geometric quantities define the network inputs. Depending on the se-
lected advisory, the projection task simulates a commanded heading change of 90°,
resulting in advisory-specific loop bounds.

used benchmarks for neural network robustness verification [3]. The neural net-
works published by Julian et al. [20] are a compressed representation of the
original ACAS Xu lookup-table policy [36], reducing the required memory by
approximately three orders of magnitude. For each encounter between an own-
ship and an intruder, the network processes five geometric features and assigns a
cost to each of five advisories: weak left, strong left, clear-of-conflict, weak right,
and strong right. The advisory with the lowest cost is selected. The encounter
geometry and advisory set are shown in Figure 5. ACAS Xu provides 45 neural
networks covering different encounter scenarios. The network is selected accord-
ing to an encounter scenario and the previously issued advisory. Unless stated
otherwise, we use network_1_1, which corresponds to the first network in this
family and assumes the previous advisory to be clear-of-conflict.

Since ACAS Xu itself ends with the advisory selection, we integrate the net-
work into a representative post-inference projection task, whose pseudocode is
shown in the lower part of Figure 5. Given the selected advisory, the task sim-
ulates the trajectories of the ownship and intruder and repeatedly checks their
predicted separation until the commanded heading change has been completed.
As the pseudocode shows, the advisory is the only value passed from inference
to the task and determines the trip count of the projection loop. The number
of simulation steps depends on the selected advisory: strong turns require 1500
iterations, weak turns 3000 iterations, and no iterations are performed for the
clear-of-conflict advisory. These iteration counts are derived from the turn rates
defined by the ACAS Xu action set (3°/s for strong turns and 1.5°/s for weak
turns), assuming a total heading change of 90° and a simulation frequency of
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50 Hz. Similar projection tasks are employed by the DAIDALUS reference im-
plementation to verify that an advisory maintains a safe separation from the in-
truder aircraft, as required for operating unmanned aircraft in civil airspace [34].

The target platform for all evaluations is an Infineon AURIX TC397XE run-
ning at 100 MHz. The network code and data reside in the core-local scratch-
pad memory, and both the inference and post-inference tasks execute on the
same core, eliminating all timing anomalies except pipelining effects. Our timing
model conservatively sums the worst-case instruction latencies documented in
the TriCore architecture manual [47] and does not model the overlap between
the core’s parallel execution pipelines. The analyzed task comprises inference,
advisory selection, and projection, and executes without preemption.

The ACAS Xu networks are provided in the ONNX format and can therefore
be compiled and analyzed by DEEPWCET without modification. We compile
them with ONNX-MLIR based on MLIR 20 and our TriCore backend based
on LLVM 23, using optimization level -02 for the network and -01 for the
post-inference task. We measure execution times non-intrusively using a cycle-
accurate on-board instruction tracer. The analyzed object code is linked with a
small, statically configured OSEK-style operating system kernel, which executes
the task as its only task without interrupts.

5.2 Advisory Exclusion by Abstract Domain

In this evaluation, we compare the three configurations of DEEPWCET with
respect to the advisories they can exclude over the operating space. We center
the input regions on encounters in which both aircraft travel at 152 m/s, with a
relative intruder heading of 180°. The two inputs varied across the grid are the
horizontal range (150 m to 6000m) and the relative bearing (—180° to 180°),
that is, the angle between the ownship’s heading and the line of sight to the
intruder. The selected advisory directly determines the loop bound of the post-
inference projection task: weak turns require 3000 iterations, strong turns 1500,
and the clear-of-conflict advisory skips the loop entirely.

Figure 6 compares the loop bounds achievable with the three configurations
with the loop bound found by sampling. Each cell represents an input region
spanning 100m in range and 6.1° in bearing. For comparison, we obtain an ob-
served lower bound by evaluating the network at all corners and at 600 uniformly
distributed interior points of each region.

The sampling results show that strong-turn advisories occur primarily for
head-on encounters (0°) at short range, yielding a loop bound of 1500 iterations.
At bearing angles beyond approximately 27° and distances greater than 1.1 km,
the network predominantly issues the clear-of-conflict advisory. DEEPWCET oy
always produces the structural worst-case loop bound of 3000 iterations. Since
the interval domain cannot exclude any advisory, it must always assume the
most expensive weak-turn case. This bound nevertheless matches the sampling
result in 18.2 % of all cells, namely where a weak turn is indeed required.

Both DEEPWCET 764, and DEEPWCETp, are considerably more precise,
as they can exclude advisories that are impossible within an input region. Com-
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Fig. 6. Loop bounds of the post-inference projection task over the operating space.
Each of the 60 x 60 cells represents an input region spanning 100 m in range and 6.1°
in bearing. The observed result is obtained by sampling, whereas DEEPWCETgox,
DEEPWCETZz0n0, and DEEPWCETpo1y derive sound bounds by abstract interpreta-
tion.

pared to the network-agnostic analysis, which always yields a loop bound of 3000
iterations, DEEPWCET7,, derives a smaller sound bound in 76 % of all cells.
This bound matches the sampling result in 94 % of the cells and is otherwise
more conservative. DEEPWCETp,), further improves these numbers to 78 %
and 96 %, respectively. Most of this additional improvement comes from regions
in which it can rule out weak-turn advisories, particularly within approximately
45° of the ownship’s heading.

The precision of the computed bounds also depends on the size of the an-
alyzed input regions. Larger regions require fewer analyses to cover the oper-
ating space, but may admit additional advisories and consequently yield looser
abstract bounds. To evaluate this trade-off, we increased all five input interval
widths by a factor of 4. Under these conditions, DEEPWCETp,y still reduces the
loop bound in 56 % of the regions. Further enlargement, however, substantially
reduces the fraction of regions for which the analysis yields an improvement.
Backward abstract interpretation methods [25,55] could help identify larger in-
put regions that preserve the flow facts needed for tighter WCET bounds.

The results in Figure 6 may depend on the parameters of the particular
network considered. We therefore repeated the analysis for all 3600 cells across
each of the 45 ACAS Xu networks, which share the same architecture but differ
in their weights. Figure 7 shows, per network and configuration, the fraction of
cells whose bound is improved, split by whether the projection is skipped entirely
(0 iterations) or cut to 1500 iterations. DEEPWCETg,y improves no cell of any
network. On average, DEEPWCET7z4,, and DEEPWCETp,)y, reduce the loop
bound in 76.6% and 78.2% of cells, respectively. Across the network family,
DEEPWCETp,1y reduces the bound in between 60.9 % and 100 % of cells.
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Fig. 7. Fraction of cells for all 45 ACAS Xu networks, where DEEPWCET zono and
DEEPWCETp.1y could lower the projection loop bound to 1500 or 0. Each network is
analyzed over the 60 x 60 grid of Figure 6. Each pair represents one network, ordered
by increasing fraction of cells improved by DEEPWCET poy .

Table 1. Advisory exclusion and resulting WCET reductions for six representative
operating modes. The speed of both aircraft varies between 130m/s to 190 m/s. The
relative WCETs are normalized to the network-agnostic bound of 4597 ps.

Mode and input region Configuration Excluded Loop bound Rel. WCET
behind, opposite heading DEEPWCET z0n0 4 0 0.58%
p € [6218,12070] m, 6 € [149,180]°, 4 € [164,180]° DrEPWCETpol, 4 0 0.58x
right side, passing DEEPWCET zono 4 0 0.58 %
p € [7681,10607) m, 6 € [-106,-74]°, 1 € [176,180]° DEEPWCETpoy 4 0 0.58 %
behind right, tight sector DEEPWCET zono 4 0 0.58 %
p € [5462,6730] m, 6 € [-180,-167]°, + € [176,180]° DEEPWCETpoly 4 0 0.58 %
behind right, wide sector DEEPWCET 2ono 0 3000 1.00x
p € [2292,9900] m, 6 € [-180,-134]°, ¢ € [166,180]° DEEPWCETpoy, 4 0 0.58
behind, close DEEPWCETZono 3 1500 0.79%
p € [1173,1265] m, 0 € [144,156]°, v € [177,180]° DEEPWCETpoly 3 1500 0.79x
approaching head-on DEEPWCET Zono 0 3000 1.00x
p € [3962,5791] m, 6 € [-10,10]°, + € [165,180]° DEepWCETpoly 0 3000 1.00x

5.3 Mode-Specific WCET Analysis

To illustrate the WCET reductions achievable for this case study, we select six
representative operating modes and compute their WCET. The corresponding
input regions and analysis results are summarized in Table 1. The reported input
regions were obtained by iteratively expanding representative operating points,
one input dimension at a time, until the abstract domain lost the ability to rule
out additional advisories. The network-agnostic analysis provides the baseline
and always assumes the maximum loop bound of 3000 iterations, resulting in a
WCET of 4597 us. Since DEEPWCET g, cannot exclude any advisory in these
regions, it produces the same result.

Consistent with the previous evaluation, the relational configurations achieve
the largest WCET reductions. For three of the six operating modes, both con-
figurations reduce the WCET of the network inference and post-inference task
together to 0.58x compared to the network-agnostic baseline, which always as-
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Table 2. Analyzed WCET and worst-observed execution time of the combined infer-
ence, advisory selection, and projection task for each loop bound. A bound of 0 skips
the projection loop. Each observed time is the maximum + standard deviation of 30
measurements obtained from cycle-accurate instruction traces.

Loop bound Worst-observed (ns) WCET (ps) Overapprox.

0 1258.98 £ 0.000 2676.83 2.13x
1500 1949.04 £ 0.013 3636.83 1.87x
3000 2638.99 + 0.005 4596.83 1.74%

sumes the maximum loop bound. In the (behind, close) mode, both weak-turn
advisories but only one strong-turn advisory (in one direction) can be excluded,
reducing the loop bound to 1500 iterations and the WCET to 0.79x of the
baseline. The (behind right, wide sector) mode is obtained by expanding the
(behind right, tight sector) input region by a factor of six in range and 3.5 in
each of the two angles. It is the only mode where the relational configurations
differ: DEEPWCETp.y, still proves that only the clear-of-conflict advisory is
feasible, whereas DEEPWCET 2., falls back to the interval result. We con-
firmed DEEPWCETp1,’s result by sampling the enlarged input region, which
produced only the clear-of-conflict advisory. The remaining operating mode (ap-
proaching, head-on) shows no achievable WCET reductions, which is expected
as the intruder is heading towards the ownship. In contrast, DEEPWCET g
never excludes any advisories for these operating modes and therefore always
produces the same WCET as the network-agnostic baseline.

Table 2 compares the analyzed WCETs with measurements on the target
hardware, using six different network inputs from the approaching, head-on mode
that together cover all advisories (one for loop bound 0, two for 1500, and three
for 3000). In all cases, the measured execution times remain below the respec-
tive bounds, with overestimation factors between 1.74x and 2.13x. Since code
and data reside in scratchpad memory and the task runs without preemption,
executions with the same loop bound differ by at most 7 cycles. Comparing the
analyzed WCETs with the traces shows that the overestimation mainly stems
from overlapping instructions. Between 44 and 60 % of instructions complete in
the same cycle as at least one other instruction, such as a load and a floating-
point multiplication. However, our cost model accounts for these instructions
sequentially, thereby overestimating their combined execution time. A more de-
tailed model of the TC1.6.2P core’s integer, load/store, and loop pipelines could
therefore substantially tighten the WCET bounds.

5.4 Analysis Precision and Cost

We validate the sampling results on 400 randomly selected cells from Figure 6
using branch and bound [4], recursively splitting each region until the sampled
and verified advisory sets coincide. This establishes the exact advisory set for
96.5 % of the cells, in all cases confirming the original sampling result.

We additionally evaluate the computational cost of the abstract interpreta-
tion. All analysis times were measured on a laptop with an AMD Ryzen 7 PRO
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Fig. 8. Mean interval width after each network operation for the behind, opposite head-
ing operating mode of Table 1. The operations are shown in graph order. Note the
logarithmic y-axis scaling.

8840HS processor. For ACAS Xu, analyzing one input region takes approxi-
mately 0.19s per domain, compared with 1.05s for compilation and 0.90s for
solving the ILP formulation. To assess scaling beyond ACAS Xu, we also analyze
fully connected MNIST networks from the ERAN benchmark suite [44], with 3 to
9 affine layers and widths from 50 to 200. On these networks, DEEPWCETp1y
takes 3.1x as long as DEEPWCETg. and 1.3x as long as DEEPWCET 7010
on average. Its analysis of the largest network, with 440410 parameters, takes
3.16s. Analysis times increase with network depth and width, while networks
with the same architecture but different weights show similar runtimes. Overall,
relational analysis remains practical for networks substantially larger than those
considered in our case study.

5.5 Propagation of Value Bounds

To examine how the precision of the computed value bounds changes throughout
the network, we measure the mean interval width after every network operation
for the behind, opposite heading operating mode. Figure 8 shows these widths in
graph order on a logarithmic scale.

The figure explains why the interval domain could not exclude any advisories
in the previous evaluations. Its value bounds grow rapidly throughout the net-
work, exceeding those of DeepPoly by more than five orders of magnitude at
the output. This loss of precision results from treating neurons independently,
causing dependencies introduced by affine layers to be discarded after every op-
eration. The interval widths of DeepZ and DeepPoly remain close throughout the
network, indicating that both relational domains retain considerably more pre-
cision than the interval domain. DeepPoly nevertheless produces slightly tighter
bounds. This is consistent with the different ReLLU relaxations used by the two
domains. Whereas DeepZ introduces a symmetric error term for uncertain Re-
LUs, DeepPoly maintains separate lower and upper affine bounds and exploits
them during back-substitution.
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5.6 Applicability and Limitations

DEepWCET applies whenever the network’s output influences the execution
time of the subsequent code. It only requires a mapping from each feasible output
to a cost ¢(i) in Equation (9), such as a loop bound, the cost of a selected branch
or function, or an entry of a parameter table. In model predictive control [24,40],
for example, a neural network often provides the warm start of an iterative solver,
whose iteration count depends on how far this warm start is from the optimal
solution. Bounding the network output over an input region bounds this distance,
from which a maximum iteration count for the solver loop can be derived.

Our implementation currently supports feed-forward ReLLU networks, but
DeepZ and DeepPoly also support convolutions, sigmoid, and tanh, and Deep-
Poly additionally supports max-pooling [42,43]. Extending our implementation
to these operators would mainly involve integrating the existing abstract trans-
formers into ONNX-MLIR. Beyond extending operator support, the approach
could also be applied to inference on GPUs and Al accelerators. This would
require a sound hardware timing model and a floating-point error model that
accounts for the target hardware’s precision and accumulation order.

5.7 Summary

Our case study demonstrates that relational abstract domains can significantly
reduce the WCET of post-inference tasks by excluding advisories that are in-
feasible within a given input region. In our evaluation, this either eliminates the
projection loop entirely or reduces its iteration count from 3000 to 1500, yielding
a WCET of up to 0.58x that of the network-agnostic baseline.

Two factors determine the effectiveness of this approach. First, the choice
of abstract domain is crucial: DEEPWCETgy does not improve the WCET,
whereas the relational configurations exclude infeasible advisories over large
parts of the operating space. In our evaluation, DEEPWCETp., yields bounds
at least as tight as DEEPWCETz,,, in almost all cases and strictly tighter
in several, with moderate additional analysis cost. We therefore recommend
DEEPWCETp1y, as the default configuration. Second, the achievable reduction
depends strongly on the operating mode. The choice of input regions is therefore
an important part of applying DEEPWCET, as separate flow facts and WCET
bounds are derived for each region.

6 Related Work

Abstract domains for neural networks. Certifying neural networks by abstract
interpretation was introduced by AI? [14]. Among the many abstract domains
proposed since then, DeepZ [42] and DeepPoly [43] remain the standard single-
neuron relaxations and are the domains used in DEEPWCET. CROWN [54]
derives equivalent bounds for ReLU networks using a different formulation [39].
Since CROWN and DeepPoly coincide for the networks considered in this work
when using the same lower relaxation, we only implemented DeepPoly.
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Beyond the single-neuron relaxations, more precise output bounds can be
achieved. Multi-neuron relaxations bound groups of activations jointly [41,33].
By capturing dependencies between several neurons, these methods improve pre-
cision at the cost of substantially higher analysis times, typically requiring linear
programming. Exact verification methods formulate the network as a mixed-
integer program [46] or SMT problem [22], making them even more expensive.
The annual VNN-COMP tracks where the resulting trade-offs currently stand [3].
For WCET analysis, however, the tightest possible output bounds are not re-
quired. It is sufficient to exclude infeasible execution paths, which our evaluation
shows can already be achieved using DeepPoly.

Mode-specific and parametric WCET. Prior work has explored deriving WCET
bounds for different operating conditions rather than a single bound for the en-
tire program. Parametric WCET analysis expresses the WCET as a function
of program parameters, using approaches based on abstract interpretation and
parametric integer programming [6] or symbolic computation of WCET formu-
las [2]. Mixed-criticality systems also associate multiple WCET estimates with
a task, but these correspond to different levels of assurance rather than different
operating conditions [51,5]. Our approach is more closely related to paramet-
ric WCET, as DEEPWCET likewise derives WCET bounds that depend on
program inputs. Rather than expressing the WCET symbolically as a function
of program parameters, however, DEEPWCET uses abstract interpretation to
propagate a user-defined input region through the neural network and derive
output bounds that restrict feasible execution paths after inference.

Timing analysis of neural network workloads. Prior work on neural network tim-
ing analysis has primarily focused on bounding the execution time of inference.
ACETONE generates semantics-preserving C code from trained feed-forward
networks whose WCET can be analyzed using the OTAWA WCET analysis
framework [10], with later work improving inference performance through pre-
dictable GEMM-based convolution routines [11]. Like DEEPWCET, ACETONE
exploits the structure of the network for timing analysis. However, ACETONE
bounds the execution time of the inference itself, whereas DEEPWCET derives
bounds on network outputs and propagates them as flow facts to improve the
WCET analysis of the surrounding code. Other works have investigated pre-
dictability at the hardware and system levels. Restuccia and Biondi analyze
worst-case response times for DNN inference on FPGA SoCs and propose hard-
ware support for bounding accelerator interference [37]. A recent survey likewise
identifies memory hierarchies, accelerator arbitration, and scheduling as impor-
tant challenges for predictable neural network inference [29].
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7 Conclusion and Future Work

Feed-forward networks turn a computation of fixed shape into data-dependent
control flow: the inference itself costs the same on every input, while the post-
inference code that consumes its results does not. This paper has shown that the
abstract domains built by the machine-learning community to certify robustness
can be reused by timing analyses to bound the WCET of post-inference tasks, no
new domains are needed. By bounding the network’s output over a pre-defined
input region in an operating mode, certain output classes can be excluded, which
translates to flow facts in the resulting ILP and finally to a reduced WCET
estimate. We implemented this approach end to end in DEEPWCET, integrating
neural network value analysis into the ONNX-MLIR, compilation pipeline and
lowering the resulting bounds to the machine code consumed by the WCET
analyzer.

Our case study on the ACAS Xu networks showed that relational abstract
domains can significantly reduce per-mode WCETs. Depending on the operating
mode, the WCET of the combined inference and projection task was reduced
to 0.79x and 0.58x of the network-agnostic baseline by excluding advisories
that cannot occur within the analyzed input region. Although the achievable
reduction depends on the application and the chosen operating regions, DeepPoly
and DeepZ tighten the network output bounds by orders of magnitude compared
to the interval domain traditionally used in WCET analysis.

The presented approach is not limited to ACAS Xu and is applicable wherever
neural network outputs influence the execution time of subsequent computations.
One promising application is model predictive control, where neural networks are
used to warm-start iterative optimization algorithms [24,40]. Since the network
prediction affects the number of solver iterations, the same approach could be
used to derive tighter WCET bounds for the optimization stage.

DEEPWCET benefits from tight regions per operating mode. In the cur-
rent implementation, operating regions are provided by the developer based on
the application’s operating modes and relevant sensor ranges. An interesting
direction is to infer these regions automatically using backward abstract inter-
pretation methods [25,55], allowing the largest regions that preserve the required
flow facts to be determined automatically.

Finally, this work considered feed-forward networks only. Implicit neural net-
works, such as deep-equilibrium models, define their outputs as fixed points of
iterative computations, thereby introducing loops into the inference process it-
self. Existing abstract domains for these models [32] provide a natural starting
point for extending DEEPWCET to derive WCET bounds for such architectures.
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