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Linear-Time Temporal Logic in AI-Based
Computational Tree Models*

Chen Liu

Abstract. The integration of the Linear Temporal Logic (LTL) in Al-based computational tree
models is an effective form of formal verification of Artificial Intelligence systems. But classi-
cal model checking methods do not scale because of the state-space explosion. In this paper, we
propose a novel data driven methodology backed by deep learning for efficient approximation
of LTL model checking. The Temporal Convolutional Graph Network (TCGN) is a framework
for deep learning that integrates graph neural networks with temporal logic in order to verify the
behaviour of complex systems. We conduct experiments on synthetic and real-world datasets,
showing that TCGN achieves an accuracy of 98% and outperforms traditional methods like
NuSMYV both in effectiveness instantaneous verification and efficiency. The TCGN can also
achieve real time large scale Al system verification due to its strong robustness under adversar-
ial perturbation.

1 Introduction

Linear Temporal Logic (LTL) provides a rigorous formalism for specifying and
verifying system behaviours over time.([7, 19]) Originally developed for hardware
verification, LTL has been widely adopted in Al for specifying properties in plan-
ning, robotics, and control systems.([8]) Unlike branching-time logics, LTL focuses
on properties that must hold along each linear progression of states ([11]), making it
suitable for applications where system behaviour is observed as sequences of states
or transitions ([23]).

The Al community has increasingly focused on LTL over finite traces (LTLf),
which enables formalisation of finite task executions such as motion planning.([33,
34]) LTLf allows specification of temporal requirements like “a goal state is even-
tually reached” within finite horizons ([2]), making it essential for reasoning about
plans with finite actions ([7, 18]). The integration of LTL into Al-based computa-
tional tree models such as Kripke structures representing non-deterministic system
behavior provides a powerful formalism for specifying temporal constraints on Al-
generated plans and learned policies. However, practical deployment of formal ver-
ification faces a fundamental challenge: high computational cost, especially under
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non-determinism.([27]) Classical automata-theoretic model checking suffers from the
state-space explosion problem, where the state space grows exponentially with system
variables, making verification intractable for large-scale Al systems.([13])

This challenge is further intensified by the opacity and complexity of deep learn-
ing components in modern Al. Such models are difficult to represent symbolically,
creating a disconnect between implementation and formal abstraction. As a result,
conventional formal methods cannot be directly applied to neural network behav-
iors, motivating new approaches capable of handling both symbolic and sub-symbolic
components. However, practical verification faces a fundamental obstacle: the state-
space explosion problem. Classical model checking algorithms suffer from exponen-
tial growth in state space, rendering them intractable for large Al systems. Addi-
tionally, the opacity of deep learning components makes direct application of formal
methods difficult.

To address these challenges, we propose a data-driven methodology that refor-
mulates LTL model checking as a supervised learning problem, enabling amortised
computation after training. Our key contributions are: (1) formulating LTL checking
over computational trees as a learning problem, (2) introducing TCGN, a formula-
conditioned temporal graph network integrating LTL embeddings with graph atten-
tion, (3) proposing temporal adversarial robustness metrics tailored to verification,
and (4) demonstrating millisecond-scale verification with up to 98.7% agreement with
NuSMYV on two benchmarks. Specifically, we make the following key contributions:

1. We formulate LTL model checking over computational trees as a supervised
learning problem, shifting from exact symbolic algorithms to data-driven ap-
proximation that scales to large systems.

2. We introduce the Temporal Convolutional Graph Network (TCGN), a formula-
conditioned temporal graph network that integrates LTL embeddings with graph
attention mechanisms. TCGN represents computational tree models as graphs,
encodes LTL formulas compositionally, and performs multi-scale temporal con-
volution guided by formula semantics.

3. We propose temporal adversarial robustness metrics and attacks specifically
tailored to verification tasks, including state deletion, label flipping, transition
perturbation, and temporal reordering. These enable systematic evaluation of
model stability under noisy conditions.

4. We demonstrate millisecond scale approximate verification on two benchmarks
a synthetic grid-world navigation environment and a real-world network packet
scheduler achieving up to 98.7% agreement with the NuSMV symbolic model
checker while providing orders-of-magnitude speedup.
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2 Literature Review

The application of temporal logic in formal verification, especially for specify-
ing and verifying system requirements, has led to its widespread adoption due to its
expressiveness and natural language resemblance across diverse fields like dynamic
systems, robotics, and biology.([12, 29]) This has led to the development of various
specialised temporal logics, such as LTL over finite traces, which accommodates the
definition and reasoning about events taking place over a finite execution.([7]) LTLf,
for example, provides a more natural and efficient framework for specifying and veri-
fying declarative constraint-based systems within finite computer paths, in areas such
as business process management and robotic task planning.([7, 21]) Recent work has
increasingly explored learning-based and large-scale neural tools for logical reason-
ing and formal verification. In Boolean satisfiability, NeuroSAT demonstrated that a
message-passing neural network can learn SAT solving behaviour from satisfiability
labels and generalise to problem distributions beyond those seen during training.([24])
Subsequent work incorporated graph neural networks and reinforcement learning into
SAT solving, including learned local-search heuristics for Boolean satisfiability ([35])
and Graph-Q-SAT, which learns branching heuristics for SAT solvers using graph net-
works and Q-learning ([17]). Related neural architectures have also been proposed
for Circuit-SAT, where differentiable graph-based models are trained to solve circuit
satisfiability problems.([1]) In temporal logic, SAT-based LTLf satisfiability check-
ing reduces LTLf reasoning to propositional SAT and path-search problems ([18]),
while recent Transformer and Mamba architectures have been used to generate LTL
specifications from traces for specification-mining tasks ([12]). Neural methods have
also been applied to higher-order logic and theorem proving, including DeepHOL for
higher-order theorem proving ([3]) and transformer-based proof generation in GPT-f
([22]). These studies show a broader trend toward using scalable neural or learning-
guided tools for symbolic reasoning. However, most of them focus on SAT, theo-
rem proving, or specification generation rather than formula-conditioned LTLf trace
checking over execution paths. Our work addresses this gap by learning an amor-
tised approximation of LTLf satisfaction using a temporal graph network conditioned
directly on the input formula.

This expressiveness enables us to specify complex task sequences and safety
conditions which must hold true during the lifetime of a robot, or the completion cy-
cle of a business process. Also, the shift from conventional LTL to LTLf is critical
for Al applications whose tasks have clearly defined starting and ending states and
require a logic that can precisely capture these finite temporal scopes.([13]) This hap-
pens even more so in the case of automated planning and synthesis, where agents
must incur a finite number of actions to achieve their goals. LTLf allows for the for-
mal definition of goals and their verification. LTLf is a more suitable choice than
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previous formal scientific tools due to the increasing complexity of Al systems and
the increasing need for self-verifying systems that are robust and safe with respect
to their own behaviour. The process of transforming LTLf and its extension LDLf
into deterministic finite-state automata helps solve the stages of formula satisfaction,
and it is instrumental in the general development of non-Markovian reward decision
processes.([10, 31]) Several studies contribute to enhancing Al system verification,
propose saliency-based metrics for fairness ([16]), while focusing on balancing data
augmentation for better generalisation ([15]). Kumar ef al. address mitigating bi-
ases in Al models, which is relevant for robust verification ([14]) and highlight the
use of data augmentation in classification tasks ([30]). Discuss efficient sensor data
assessment, which could improve real-time verification models.([25])

This conversion allows for effective run-time monitoring and verification that
makes LTLf a vital constituent in the creation of Al systems that can self-assess
and comply with complex operational rules.([20]) Moreover, while LTL and LTLf
are powerful propositional logics for finite-state systems, their limitations in model-
ing infinite state spaces necessitate the consideration of First-Order Linear Temporal
Logic.([9, 28]) This extension allows one to quantify over data domains, therefore al-
lowing formal specification of and verification of systems with an unbounded number
of states or complex data structures, which are commonplace in advanced Al appli-
cations. This new logic lets us better show the properties of the system. For example,
we might want to say that “all agents eventually reach a certain place” or that “no
agent ever goes into a certain place”. It does so without regard to how many agents
there are or what we call those places.

3 Methodology

This section presents our framework for LTL trace checking over execution paths
from computational tree models. We first provide a precise formulation of the prob-
lem we address, clarifying the distinction from full model checking. We then detail
each component of our proposed TCGN architecture, including graph construction,
featurization, formula embedding, and the novel temporal graph convolution opera-
tor. Finally, we describe our training protocol and introduce a theoretically grounded
metric for adversarial robustness.

3.1 Problem formulation
Let a computational tree model be defined as a Kripke structure

M = (Sa SOaTa Aa L)7

where:
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« S'is a finite set of states;

» Sy C S'is the set of initial states;

« T C S x S is a left-total transition relation;
+ A is a finite set of atomic propositions;

« L:S — 24 isalabeling function.

An execution path (or trace) ™ of M is a finite sequence of states m = sq, 51, - . -,
sy, such that s € Sp and (s;,s;41) € T forall 0 < i < n. Unlike full model
checking, which requires universal quantification over a// infinite paths, we consider
the trace checking problem: Given a single execution path 7 and an LTL formula ¢
interpreted over finite traces (LTLf), determine whether 7 = ¢.

Definition 1 (Syntax of LTLf Formulas). Let A be a finite set of atomic proposi-
tions. The set of well-formed LTLf formulas over A is generated by the following
grammar:

eu=p| T L= (e1Ap2)|(01Ve)|Xep| (p1Up2) | (p1Rp2),

where p € A, T denotes truth, L denotes falsechood, — is negation, A and V are
Boolean conjunction and disjunction, X is the next operator, U is the until operator,
and R is the release operator.

The eventually and always operators are treated as derived operators:

Fo = TUp, Gy = —F-o.

When weak until is used in the experiments, it is also treated as a derived oper-
ator:

©1Wea = (¢1Up2) V Gy

Parentheses are used where necessary to remove ambiguity. We assume the usual
precedence order: Unary temporal and negation operators bind most strongly, fol-
lowed by U, R, and W, followed by A, and finally V.

The size |p| of a formula is the number of nodes in its syntax tree. The tem-
poral depth depth(y) is the maximum nesting depth of temporal operators in . For
example, depth(p) = 0, depth(Xyp) = 1 + depth(yp), and depth(p1Uyps) = 1 +
max(depth(¢1), depth(¢2)).

Definition 2 (LTLf Semantics over Finite Traces). Letw = sg, s1,...,s, be a fi-
nite trace of length || = n + 1, and let 7 denote the suffix starting at position 4. The
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satisfaction relation |= for LTLf is defined inductively:

TEDp — pe L(s)

™= ¢ = TP

T ¢1 Ao <~ mTE¢and T | ¢

T = Od — |r|>1land 7! ¢

T = o1l go — Jkel0,|n] —1] st 7 = ¢

andVj < k, 7’ = ¢
Derived operators are defined as standard: C¢p = TU @, Hp = =0,

We reformulate LTLf trace checking as a supervised binary classification prob-
lem. Let 6 denote the complete set of learnable parameters in TCGN, including
the proposition embeddings, formula-encoder weights, temporal graph-convolution
weights, attention parameters, pooling parameters, and MLP readout weights.

For a finite trace 7 and an LTLf formula ¢, the neural verifier is defined as

Q:f9<7r790)7 Jo: (HX(I))%[Oal]a

where II is the set of finite execution traces, ® is the set of LTLf formulas, and g
is the predicted probability that 7 |= ¢. The subscript ¢ indicates that the output
of fp depends on parameters learned from data. Thus, fy is not an exact symbolic
model checker; it is a neural approximation of the Boolean satisfaction indicator
y=1[r & ¢l.

Given a labelled dataset

D = {(m;, 01, yi) H1,

where y; = 1[m; = ;] is computed using the symbolic verifier NuSMV, training
seeks parameters 0* that minimise the empirical binary cross-entropy loss:

N

0 = argmin 3" [yilog fo(mir o) + (1~ i) og (1~ fo(mi )]
i=1

Atinference time, the trained model predicts that 7 satisfies ¢ when fy« (7, p) >
0.5, and predicts non-satisfaction otherwise.

3.2 Graph representation of execution traces

Unlike full Kripke structures with branching nondeterminism, a single execution
trace ™ = s, S1, . . . , Sy, 1S represented as a directed path graph G = (V, E, X).
The three components of G are defined as follows.
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Figure 1: System architecture diagram consists of two encoding streams: (1) the com-
putational graph encoder processes the execution trace as a directed path graph; (2)
the formula encoder embeds the LTLf formula via an AST recursive network. These
representations are fused through temporal graph convolution layers with formula-
guided attention, followed by hierarchical pooling and MLP readout.

First,
V ={vo,v1,...,0n}

is the set of graph nodes. Each node v; corresponds to exactly one state s; in the trace.
Thus, the graph has one node for each time step of the execution.
Second,
FE = {(vi,vzqu) ’ 0<i< n}

is the set of directed temporal edges. The edge (v;, v;+1) means that state s;,1 occurs
immediately after state s; in the execution trace. Therefore, E preserves the temporal
order of the trace.
Third,
X e RIVIxd

is the node-feature matrix. The ¢-th row of X, denoted by z,, € R9, is the vector
representation of node v;, or equivalently, of state s;. The parameter d denotes the
node-feature dimension, namely the number of numerical features used to represent
each state before it is processed by the temporal graph neural network. In our model,
d is a user-selected embedding dimension and is kept even so that the representation
can be split into true-proposition and false-proposition components.

Equivalently, the feature matrix can be written as
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Thus, X converts the symbolic state labels in the trace into continuous vectors
that can be used as input to TCGN.

3.2.1 Node featurization

The purpose of node featurization is to transform the logical labeling L(s) C A
of each state into a continuous vector representation. Because LTLf satisfaction de-
pends not only on the propositions that are true in a state but also on those that are
false, we explicitly encode both types of information.

For each atomic proposition a € A, we will learn two separate embeddings:
ef{ € RY/2_ which is used when a is true in state s, and e, € R%2 which is used
when a is false in state s. These two embeddings are concatenated to form the final
d-dimensional feature vector of the state.

The purpose of node featurization is to convert the symbolic label L(s) C A of
each state into a continuous vector that can be processed by the neural network. Here,
A is the finite set of atomic propositions, and L(s) is the subset of propositions that
are true at state s.

For each atomic proposition a € A, we define two trainable embedding vectors:

el € R%/2, €, € R%/2,

The vector e/ is used when proposition a is true at a state, i.e., a € L(s). The
vector e, is used when proposition « is false at a state, i.e., a ¢ L(s). These vectors
are not manually fixed encodings; they are learnable parameters of the model, ini-
tialized randomly and updated during training via backpropagation together with the
other TCGN parameters.

For a given state s, the node feature vector z, € R? is computed by aggregating
the embeddings of the true and false propositions separately:

acL(s) a€A\L(s)

where || denotes vector concatenation. The first half of 2, summarizes the proposi-
tions that are true at state s, while the second half summarizes the propositions that
are false at state s. Thus, x has dimension d.
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This design is useful because LTLf formulas depend on both positive and nega-
tive information. For example, evaluating a safety formula such as G—p requires the
model to recognize states where p is false. The vector e, should not be interpreted
as a new logical proposition —a; rather, it is a neural feature used to represent the
absence of a from the state label. During training, the model learns embeddings that
are useful for predicting whether the trace satisfies the input formula.

For example, suppose A = {p,q,r} and L(s) = {p,r}. Then propositions p
and r are true at state s, while ¢ is false. The feature vector of state s is therefore

Ty = (e;,Ir +e) || €q -

This vector is subsequently used as the input representation of the node corre-
sponding to state s in the trace graph.

3.3 LTLf formula embedding

LTLf formulas exhibit compositional structure that must be preserved in the em-
bedding space. We parse ¢ into an abstract syntax tree (AST) where:

* Leaf nodes correspond to atomic propositions p € A or Boolean constants
1,1

* Internal nodes correspond to unary operators (—, (), &, [J) or binary operators
N, VLU R).

Let 74 denote the AST of ¢. Each node u € 7T is associated with a hidden
state h, € Rf. For leaf nodes, h, = Wies - €prop(u)> Where €.,y € R%? is
the proposition embedding (shared with the graph encoder). For internal nodes, the

embedding is computed recursively:

* Unary operator ¢ = Ov1:

hd) = tanh (W@hwl + b@)

* Binary operator i) = ¢} ® 19:

hy, = tanh (Wg[hy, || hy,] +bg)

where Wy, € RF*f, Wy, € R7*2f and by, bs, € R are learnable parameters. The
final formula embedding ey € R/ is the hidden state at the root node.

Crucially, this encoding is semantically aware: Because the recursive computa-
tion mirrors the syntactic structure, syntactically similar formulas will have similar
embeddings. However, semantic equivalence (e.g., Op = —[J—p) is not guaranteed
by construction; we rely on the training process to align such equivalent representa-
tions.
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Algorithm 1 LTLf AST Recursive Encoder

Require: AST 7, embedding matrix E
Require: Operator weights W, biases b,
Require: Leaf projection Wig,s
Ensure: Formula embedding e,

1: function ENCODEFORMULA(T)

2 root <— getRoot(7T")

3 return ENCODENODE(root)

4: end function

5: function ENCODENODE(node)

6 if type(node) € {ATOMIC, T, L} then
7 p < getProposition(node)

8 return Wig,r - E[p]

9: elseif type(node) € {NOT,NEXT, EVENTUALLY, ALWAYS} then
10: child <+ getChild(node)

11: h < ENCODENODE(child)

12: return tanh(W,,h + b,,)

13: else

14: (c1,c2) « getChildren(node)

15: h; < ENCODENODE(cy)

16: hy < ENCODENODE(c2)

17: h « [hl H hg]

18: return tanh(W,,h + b,,)

19: end if

20: end function

Following Definition 1, each LTLf formula ¢ is parsed into an abstract syntax
tree T, in which the leaf nodes correspond to atomic propositions p € A or Boolean
constants T and L, and the internal nodes correspond to Boolean operators (—, A, V)
or temporal operators (X, U, R, F, G, W).

3.4 Temporal graph convolutional network

The core of our architecture is a novel graph convolutional operator designed
specifically for temporal path graphs with formula conditioning. Let hq(f) € R% de-
note the hidden state of node v at layer [, with hq(,o) = X, (the input feature vector).
Each layer performs a temporal neighbourhood aggregation conditioned on the for-

mula embedding e.
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3.4.1 Temporal convolution operator

For a path graph, each node v; (except the final node) has exactly one successor
v;+1 and one predecessor v;_1 (except the initial node). This linear structure suggests
a natural temporal convolution: The representation of a state should depend on its
own features, the features of its immediate successor, and the global temporal context
provided by the formula.

We define the update rule as:

succ
——

self temporal neighbor temporal context

l l l
oW W+ Ve )
N—_—— ~———

where:

. ngf, Wr(]?,(t € R%+1%4 are learnable weight matrices;
* succ(v) denotes the unique successor of v (if v is not terminal);
« T : Rf — R%+1 is a learned linear projection:

! l
T(l)(e¢) = Wt(eznpeqﬁ + bt(er)np§

* ¢ is an activation function (ReLU for hidden layers, identity for output layer).

For terminal nodes with no successor, the Wi,y term is omitted. This operator
can be viewed as a form of causal convolution along the temporal dimension, with
the formula embedding providing global bias.

3.4.2 Formula-guided attention

While the temporal convolution operator captures local sequential dependencies,
long-range temporal dependencies (e.g., for the I/ operator) require selective attention
to relevant future states. We extend the basic operator with an attention mechanism
that weights the contribution of the successor based on the formula context.

Let a, € [0, 1] denote the attention weight on the successor of v, computed as:

ay, =0 (aT - LeakyReLU (Wan[hg” | n )l e¢]>> :

succ(v

where Wy € Réax(2ditf) g ¢ Rdat gre |earnable parameters, and o is the sigmoid
function ensuring o, € [0, 1].
The attended update rule becomes:

b = o (WD + a, - WL+ TO(ey))

next succ

This mechanism allows the model to selectively propagate information along
the temporal dimension based on the verification task. For a safety property [1—p, the
attention weights remain low as there is no need to propagate information far; for a
liveness property ¢, attention increases to propagate information toward goal states.
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3.4.3 Multi-scale temporal encoding

Temporal logic properties operate at multiple time scales: The () operator ex-
amines the immediate next state, & may require looking arbitrarily far ahead, and [
requires invariance holding across all states. To capture this hierarchy, we maintain
three parallel hidden states per node, corresponding to short-term, medium-term, and
long-term temporal rec (ptlve fields.

Let h 19 denote the short, medium, and long-term representations
at layer /. Each is updated with different temporal aggregation horizons:

h{+1*) = TConv, (hq(f’s)vhglcsc)(v)’ e¢)
I+1,m (t;m) (tm)
h{+1m) = TConvs (h( ", hsucC(U)’ RREL IR %)

I Y, lg Kmax
hs; L0 = TConvagn (h( ’{ succk v)}k 1 7e¢>

where:

* TConvy, denotes temporal convolution with a kernel of size k (i.e., aggregating
k future states via mean pooling);

* TConvyy, uses a learnable attention mechanism over all future states up to hori-
zon Ky (set to trace length during training);

+ succ”(v) denotes the k-th successor of v.

After L layers, the three representations are fused via:

h{®) = Wi, [h{E

v

) H h1()L7m) H h1()L7Z) + bfusey

where Wiyee € R4L*39L and bgyee € RIL.

Algorithm 2 Temporal Graph Convolution Layer (Formula-Conditioned)

Require: Node features {hl()l) }vev, formula embedding e, adjacency function succ(-),
layer index [
Ensure: Updated node features {h(vl+1)}vev
1: WSle) Wnexb Wath a, Wtemp, btemp «— parameters(l)
2: T < Weemp€s + bremp > Global temporal context
3: for all v € V in topological order do
4: if succ(v) # & then

s: Bace < h{ )
l
6: att;, < LeakyReLU (Watt 0 || hoee | e¢])
7: Qy <O (aTattin) > Attention weight via sigmoid

l l
8: h$)+1) <~ 0o (Wselfhg) + ay - Whexdhgyee + T)
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9: else

10: W (Wselfhg) + T)
11: end if

12: end for

—

3: return {th)}vev

3.5 Hierarchical pooling and readout

After L layers of temporal convolution, we obtain a set of node representations
{th) }vev. To produce a graph-level prediction, we must aggregate these node states.
However, unlike standard graph classification, the trace checking problem requires
special attention to the initial state: The satisfaction of an LTLf formula is defined

with respect to the start of the trace.
We propose a hierarchical pooling strategy that explicitly separates initial state

information from global context:
* Initial state pooling:
himt h(L)

v 0

where vy is the node corresponding to the first state of the trace.
* Global trace pooling:

veV

* Temporal attention pooling:

Ty (L)
exp (q h, )
hattn = Z 5vhq()L)7 v (L) ;
veV > ucv €Xp (thu )
where q € R? is a learnable query vector.

The final fused representation is:

hfused = hinit || hglobal H hattn ” €y € R3dL+f,

This fused vector is passed through a multi-layer perceptron (MLP) with a single
hidden layer and sigmoid output:

z = ReLU (Wihgyseq + b1)
§ =0 (Waz +by),

where Wy € RPXGA+f) b, € R, Wy € RV and by € R.
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3.6 Training protocol
3.6.1 Loss function

We minimise the binary cross-entropy loss:

1 ) A
L) = —15 > [ylogi+ (1 —y)log(l—3)],
(m.b,y)EB

where B is a mini-batch of trace-formula pairs.

3.6.2 Curriculum learning

LTLf formulas vary widely in syntactic complexity. To stabilise training, we im-
plement difficulty-based curriculum: In early epochs, we sample only formulas with
temporal depth < 1 (i.e., propositional logic and next-step operators); we progres-
sively introduce deeper formulas as training proceeds.

Let depth(¢) denote the maximum nesting depth of temporal operators in ¢. The
probability of sampling a formula of depth d at epoch e is:

— min e/T|)[?
P(depth = d | e) x exp (—‘d (QSQL /7))l >7

where D is the maximum depth in the dataset, 7 controls the curriculum speed, and
o controls the spread (we set 7 = 20, 0 = 1.5).

3.6.3 Optimization

We use the AdamW optimiser with:

* Learning rate: n = 1074

+ Weight decay: A = 107

* Batch size: B = 32

* Gradient clipping: max || V||2 = 1.0

The learning rate is reduced by a factor of 0.5 when validation loss does not
improve for 10 epochs. Training proceeds for a maximum of 200 epochs with early
stopping patience of 20 epochs.

Algorithm 3 TCGN Training with Curriculum Learning and Adversarial
Augmentation

Require: Dataset D = {(7;, ¢;, yl-)}ﬁil, epochs E, batch size B, curriculum rate 7,
adversarial perturbation rate p, adversarial loss weight A\,q, = 0.5
Ensure: Trained parameters 6*

1: 0 < initialize parameters()
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2: for epoche =1to E do

3 D, « curriculum_sample(D, e, 7) > Difficulty-based sampling
4 Shuffle D, and partition into batches of size B

5: for batch B C D, do

6 Ebatch <0

7 for (m,¢,y) € Bdo

8 G < build_path _graph(m)

9 e, < encode_formula(¢, 0)

10: H < temporal_graph_convolution(G, e, )

11: 9 < hierarchical_readout(H, e, 0)

12: if uniform(0, 1) < 0.5 then

13: Tady < temporal adversarial perturbation(r, p, ¢)
14: Gady < build_path_graph(maqy)

15: H,qy < temporal_graph_convolution(Ggy, €4, 0)
16: Yady < hierarchical_readout(H,gy, €4, 6)

17: Leclean < BCE(7,y)

18: Lady BCE(QadV, y)

19: L Lejean + Aadv - Ladv > Adversarial training
20: else

21: L <+ BCE(7,vy)

22: end if

23: Lbatch < Lbatch + L

24: end for

25: Vo + aﬁbatch/aa

26: VO <« clip_grad norm(V§6,1.0)

27: 0 < 6 —n-AdamW(V¥,0)

28: end for

29: val_loss < evaluate(6, Dy,)

30: if val loss has not improved for 10 epochs then

3L n <+ nx0.5

32: end if

33: if val loss has not improved for 20 epochs then

34: break > Early stopping
35: end if

36: end for

37: return 6

3.7 Temporal adversarial robustness

Deployed verification systems must be robust to noisy or adversarially perturbed
inputs. We define a family of temporal adversarial perturbations that modify execu-
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tion traces in semantically meaningful ways while preserving the underlying system
dynamics.

3.7.1 Perturbation models

Definition 3 (State Deletion). Given a trace 7 = s, s1, . - - , S, and a deletion rate

€ [0, 1], the perturbed trace 7’ is obtained by randomly removing |p - (n — 1)]
non-initial states and closing the resulting gaps. Formally, let I C {1,...,n — 1} be
a randomly selected index set of size |p - (n — 1)|. Then ©’ = so, S, Sjy, - - -, S;
where {ji} are the remaining indices in ascending order.

m

Definition 4 (Label Flipping). Given a trace 7 and a target atomic propositiona € A,
the perturbed trace 7’ is identical to 7 except that for a randomly selected set of
|p - (n+ 1)] states, the truth value of « is flipped: L'(s) = L(s)A{a}.

Definition 5 (Temporal Reordering). Given a trace 7 and a swap rate p, we perform
|p - (n — 1)] random adjacent transpositions: For each selected position i, swap s;
and s; 11 while preserving the atomic proposition labeling at each position.

Definition 6 (Transition Perturbation). Givena trace 7, randomly select [p - (n — 1) |
edges (s;, si+1) and replace s; 1 with a randomly sampled state s’ # s;41 that is
reachable from s; according to the original transition relation 7.

3.7.2 Robustness metric

Prior work has used asymmetric metrics that only penalise confidence decreases.
We propose a symmetric robustness score based on the Jensen-Shannon divergence
between the prediction distributions on clean and perturbed inputs:

1 1
Robustness(, ¢, p) = 1 — \/QKL(P | M) + iKL(Q | M),
where:

P = [3% 1— g]7 Q = [@adv: 1- gadv]a

M = 1(P+Q),

L(P| Q)= ZPlogQ

This metric:

* Ranges in [0, 1] where 1 indicates identical predictions (perfect robustness);
* Penalizes both increases and decreases in confidence symmetrically;
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* [s invariant to label ordering;
* Has information-theoretic grounding.

3.7.3 Adversarial training

To improve robustness, we augment the training procedure with on-the-fly ad-
versarial perturbations as shown in Algorithm 2. For each batch, with probability 0.5,
we generate a perturbed trace 7,4, by randomly selecting one of the four perturbation
types with equal probability. The loss becomes:

Lyobust = LBCE(Y, ¥) + Xadv - LBCE(Tadv> YY),

where A\,qy = 0.5 balances clean and adversarial accuracy. This encourages the model
to produce consistent predictions under semantically preserved perturbations.

3.8 Theoretical analysis

While a full theoretical treatment is beyond the scope of this paper, we establish
fundamental properties of our architecture. For any LTLf formula ¢ with temporal
depth k, there exists a TCGN with L = k + 1 layers, hidden dimension d, = O(|¢|),
and appropriate attention parameters that exactly computes the satisfaction function
1[7 |= ¢] for all traces 7 of length n < N (for any fixed N € N).

The proof proceeds by structural induction on ¢. For atomic propositions p, a
single-layer TCGN can compute p € L(sg) via the initial state pooling. For Boolean
combinations, the MLP readout can simulate logical gates. For ()¢, the temporal
convolution propagates information from vy to vg. For ¢1U ¢2, the attention mecha-
nism can be configured to attend to the minimal k£ where ¢o holds and verify ¢; on
all preceding positions.

This proposition establishes that TCGN is not merely a heuristic approximation
but can, in principle, represent exact LTLf semantics. In practice, the discrete nature
of'neural optimisation and finite training data lead to approximate solutions, but the ar-
chitectural capacity exists for exact computation. For a trace of length n, a TCGN with
L layers and hidden dimension d has inference time complexity O(L-(n-d*>+|¢|- f?)),
where f is the formula embedding dimension. This complexity is linear in trace length
and formula size, compared to the exponential worst-case complexity of symbolic
model checking. The one-time training cost is amortised over many inference calls.

4 Experiments and Results

We present a comprehensive empirical evaluation of the proposed TCGN for
LTLf trace checking. Our experiments are designed to answer the following research
questions. RQ1 (Accuracy): How accurately can TCGN predict LTLf satisfaction
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compared to baseline methods and ground-truth symbolic verification? RQ2 (Effi-
ciency): What are the inference time and scalability characteristics of TCGN rela-
tive to symbolic model checkers? RQ3 (Robustness): How resilient is TCGN to
various forms of temporal adversarial perturbations? RQ4 (Generalisation): Does
TCGN generalise to formulas and traces beyond the training distribution? RQ5 (In-
terpretability): Can the attention mechanism provide meaningful explanations for
verification decisions?

4.1 Experimental setup
4.1.1 Datasets

We evaluate TCGN on two distinct domains: a synthetic grid-world navigation
environment and a real-world network packet scheduler. For each domain, we gener-
ate traces by simulating system executions and compute ground-truth LTL{ satisfac-
tion labels using the NuSMV symbolic model checker.([5])

Dataset Traces Formulas Samples Trace Length
Grid-World Navigation

(GWN) 10,000 25 templates — 120 50,000 I5£0
Network Packet Scheduler

(NPS) 2,000 20 40,000 100 £ 0

Table 1: Dataset Statistics

Grid-World Navigation (GWN) ([26]). The environment consists of a 20 x 20 grid
containing an agent, a goal, obstacles, and a key. The agent’s actions (Up, Down, Left,
Right) are nondeterministic, with an 80% success rate and a 20% chance of moving
randomly to an adjacent tile. This nondeterminism generates diverse execution traces.

Atomic Propositions: A = {At Goal, At Obstacle, Has Key, In Zone A,
In Zone B}.

LTLf Formula Templates: We generate 25 formula templates and instantiate
them with different propositions, yielding 120 unique formulas. Examples include:

¢1 = CAt_Goal (Liveness)
¢o = 1At Obstacle (Safety)
¢3 = —Has_Key U In Zone A (Sequencing)
¢4 = O(In_Zone B — CAt Goal) (Response)

Data Generation: We simulate 10,000 episodes, each producing a trace of depth
15. For each trace, we evaluate a random subset of 5 formulas using NuSMV to
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obtain ground-truth labels, resulting in 50,000 (7, ¢, y) samples. The dataset is split
70/15/15 for training, validation, and testing.

Network Packet Scheduler (NPS) ([4]). This real-world benchmark models a net-
work router with five priority queues. Packet arrivals follow a Poisson distribution,
service rates follow a Pareto distribution, and the scheduler uses weighted fair queu-
ing (WFQ).

Atomic Propositions: A = {Queue 1 Full, Queue 2 Full,...,Queue 5 Full,
Packet Dropped, High Priority Packet, Buffer Overflow}.

LTLf Formulas: These specify critical network properties:

¢5 = JO=Queue 3 Full (Starvation Freedom)
¢¢ = O(High Priority Packet — <&—Packet Dropped) (Liveness under Load)
¢7 = OO-Buffer Overflow (Stability)

Data Generation: A custom stochastic simulator produces 2,000 traces of length
100, each evaluated against 20 formulas, yielding 40,000 samples.

4.1.2 Baselines

We compare TCGN against three baselines:

* NuSMV (Symbolic Model Checker) ([5]): A state-of-the-art symbolic ver-
ifier providing ground-truth labels. Used as the oracle for accuracy and as a
benchmark for computational cost.

* LSTM-based Encoder ([6]): Processes a single trace as a flat sequence of
state label vectors. The LSTM’s final hidden state is concatenated with the
formula embedding (same AST encoder as TCGN) and passed to an MLP for
classification. Tests the necessity of graph-structured representation.

+ Standard Graph Attention Network (GAT) ([32]): The trace graph G is pro-
cessed by a standard GAT without our temporal modifications or formula condi-
tioning. Global mean pooling is used for readout. This isolates the contribution
of our temporal context vector and formula-guided attention.

4.1.3 Evaluation metrics

We employ the following metrics for comprehensive evaluation:

* Accuracy: ACC = + Zf\; 1 1[4 = v;], where predictions are thresholded at
0.5.

* Precision, Recall, F1-Score: Standard classification metrics.

* Area Under ROC Curve (AUC): Threshold-independent measure of separa-
bility.
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* Robustness Score: Measuring prediction stability under perturbations.
* Inference Time: Average milliseconds per (7, ¢) pair, measured on NVIDIA
Tesla V100 GPU.

4.1.4 Implementation details

All neural models are implemented in PyTorch 2.0 and PyTorch Geometric 2.3.
Training uses a single NVIDIA Tesla V100 GPU (16GB). NuSMV v2.6.0 runs on an
Intel Xeon Gold 6248 CPU with 300-second timeout per verification task. TCGN
hyperparameters are summarised in Table 2. All baselines are tuned to comparable
parameter counts.

Parameter Value
Node embedding dimension d 100
Formula embedding dimension f 64
GNN layers L 4
Hidden dimension d; (all layers) 128
Attention dimension dy 64
MLP hidden dimension h 64
Dropout rate 0.1
Learning rate n 1x10*
Weight decay 1x107°
Batch size 32
Max epochs 200
Optimizer AdamW
Learning rate scheduler Reduce on plateau (patience=10, factor=0.5)
Early stopping patience 20 epochs
Curriculum learning rate 7 20
Adversarial perturbation rate p (training) 0.05
Adpversarial loss weight A4y 0.5

Table 2: TCGN Hyperparameters for Experiments

5 Results and Analysis

The LSTM baseline, which processes traces as flat sequences, performs worst,
confirming that modeling the explicit temporal structure via graphs is beneficial.
Standard GAT improves over LSTM but still lags behind TCGN by 6-8%, demon-
strating the importance of formula conditioning and temporal context injection. TCGN
achieves 98.7% accuracy on GWN and 96.2% on NPS, coming within 1.3-3.8% of
the perfect oracle. Table 3 presents the main accuracy results on held-out test sets.
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TCGN achieves near-perfect accuracy on both datasets, significantly outperforming
all baselines.

Model Grid-World (GWN) Packet Scheduler (NPS)
Accuracy (%) F1-Score Accuracy (%) F1-Score

NuSMYV (Oracle) 100.0 1.000 100.0 1.000

LSTM 81.34+1.2 0.803+£0.014 7561+15 0.741+£0.017

Standard GAT 92.07+£0.8 0918+£0.009 88.35+x1.1 0.877+0.013
TCGN (Ours) 987203 0987 £0.003 96.18+04 0.959+0.005

Table 3: Model Performance on Held-Out Test Sets (Mean + Std over 5 runs)
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Figure 2: Model accuracy across LTLf formulas of increasing syntactic depth. TCGN
maintains high accuracy even for depth-5 formulas, while baselines degrade signifi-
cantly.

Figure 2 shows accuracy as a function of formula syntactic depth (maximum
nesting of temporal operators). All models perform well on shallow formulas (depth
< 2). LSTM accuracy drops sharply at depth > 3, indicating an inability to capture
nested temporal dependencies. GAT maintains reasonable performance up to depth
4 but degrades at depth 5. TCGN maintains > 95% accuracy across all depth levels,
demonstrating effective multi-scale temporal encoding. Table 4 provides a detailed
breakdown by formula class, showing TCGN’s consistent superiority across all tem-
poral patterns.
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Formula Class NuSMV  LSTM GAT TCGN

Liveness ($p) 1000 783+21 90.5+1.4 98.1+0.6
Safety (Lp) 1000 85.2+1.8 94.8+1.1 993+03
Sequencing (pl{q) 100.0 721+24 889+16 975+0.8
Response (C(p — <q)) 1000 69.8+27 86.3+1.9 96.2+09
Stability (CUp) 1000 81.54+20 91.7+1.3 98.8+0.5
Average 1000 7744+£22 904+£15 98.0+0.6

Table 4: Performance Breakdown by Formula Class on GWN Test Set (Accuracy %)

5.1 Efficiency and scalability

Table 5 reports inference times. All neural models are orders of magnitude faster
than NuSMV, with TCGN achieving 57 x speedup on average.

Model Time (ms) Speedup vs. NuSMV
NuSMV 1,250 + 380 1x
LSTM 15+ 2 83 %
Standard GAT 18+ 3 69 x
TCGN (Ours) 22+14 DT X

Table 5: Average Inference Time per (Trace, Formula) Pair

(a) Inference Time vs. Trace Length (b) Inference Time vs. State Space Size
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Figure 3: Scalability of different models as trace length and state space increase.

Figure 3 demonstrates scalability; NuSMV’s runtime grows exponentially with
state space size (up to 300-second timeout for the largest models). All neural models
maintain near-constant inference time regardless of trace length or underlying model
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complexity, as they perform a fixed forward pass through the network. TCGN’s slight
overhead compared to GAT (44ms) is attributable to the additional attention compu-
tation and multi-scale encoding, which is justified by the accuracy gains.

5.2 Temporal adversarial robustness

We evaluate robustness under four perturbation types at varying rates p € [0.01,
0.20]. Table 6 reports robustness scores at p = 0.05.

Model State Deletion Label Flipping Temporal Reordering Transition Perturbation
LST™M 0.45 + 0.06 0.32 £0.05 0.28 £0.04 0.35£0.05
Standard GAT 0.78 £ 0.04 0.71+£0.03 0.65 +0.04 0.68 £0.04
TCGN (Ours)  0.91 +0.02 0.89 £ 0.02 0.85£0.03 0.87 £0.02

Table 6: Robustness Scores under Adversarial Perturbations (p = 0.05, higher is
better)

(a) Robustness to Random Noise (b) Robustness to Adversarial Attacks
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Figure 4: Robustness score vs. perturbation rate p for different attack types. TCGN
maintains high robustness even at p = 0.2, while baselines degrade rapidly.

TCGN achieves robustness scores > 0.85 across all perturbation types, signif-
icantly outperforming baselines. Label flipping is most challenging for all models,
but TCGN maintains 0.89 robustness due to its explicit modeling of false propo-
sitions in node features. The robustness gap between TCGN and GAT (+0.13 to
+0.20) demonstrates that formula-guided attention and adversarial training provide
substantial stability. Figure 4 shows that while baseline robustness collapses at high
perturbation rates (p > 0.1), TCGN degrades gracefully, maintaining > 0.75 even at
p=0.2.
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5.3 Ablation study

The temporal context vector is the most critical component: Removing it causes
a 4.4% accuracy drop and 0.13 robustness reduction. Multi-scale encoding is essen-
tial for deep formulas: Its removal disproportionately affects performance on depth
> 4 formulas (—6.2% on that subset). Adversarial training contributes minimally to
clean accuracy (—0.6%) but dramatically improves robustness (4-0.16), validating its
inclusion. Curriculum learning provides a 2.3% accuracy boost, confirming that grad-
ual exposure to complex formulas stabilises training. To quantify the contribution of
each TCGN component, we perform an ablation study on the GWN test set. Results
are shown in Table 7.

Model Variant Acc (%) F1 Robust Time (ms)
Full TCGN 98.72+£0.3 0.987£0.003 0.91+0.02 22+4
w/o Temporal Context Vector T() 94.35+ 0.7 0.9414+0.008 0.78+0.04 20+3
w/o Formula-Guided Attention 95.88+£0.6 0.956 £ 0.007 0.82+0.03 19+£3
w/0 Multi-Scale Encoding 94.92£0.7 0.947£0.008 0.79+0.04 18+3
w/o Hierarchical Pooling 96.15+£0.5 0.960 £0.006 0.84 +0.03 20+3
w/o Adversarial Training 98.15+0.4 0.9814+0.004 0.75+0.05 21 +4
w/o Curriculum Learning 96.42+£0.6 0.962£0.007 0.86=+0.03 2244

Standard GAT (No formula conditioning) 92.07 +0.8 0.918 = 0.009 0.71 +0.04 18+3

Table 7: Ablation Study on GWN Test Set

(a) Accuracy Ablation (b) Robustness Ablation

100 100

92.3%

80 74.5%

I 682%

M&e““o Me“‘"

61.8%
60

55.6%

Accuracy (%)

40

Robustness Score (%)

20

85.2%
78.3% 80
72.1%
- 68.5%

60

40

20

0

Tl Mod

'° o mT&}oTe ‘)amg

;me““" y\eﬁ“’

0
ael
Fal M |° o mY?NIO Te pdmﬁ

Figure 5: Ablation study of TCGN components. (a) Accuracy comparison showing
the contribution of each architectural component to overall performance. (b) Robust-
ness comparison under adversarial perturbations (p = 0.05). Removing the temporal
context vector causes the largest performance drop (—4.4% accuracy, —0.13 robust-
ness), while adversarial training contributes most to robustness (40.16). Error bars
indicate standard deviation over 5 runs.
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The ablation study (Figure 5) reveals that the temporal context vector is the most
critical component, with its removal causing a 4.4% accuracy drop and 0.13 reduction
in robustness, while adversarial training contributes most to model stability.

5.4 Interpretability via attention

A key advantage of TCGN is its interpretability: The attention weights «,, reveal
which states and transitions the model deems important for verification.

Case Study: Consider the formula ¢ = —Has Key &/ In Zone A on a GWN
trace where the agent acquires the key before entering Zone A (making ¢ false). Fig-
ure 6 visualises attention weights. High attention is assigned to states approaching
Zone A, as they are critical for evaluating the right-hand side of the Until operator.
The state where the key is first acquired receives low attention, correctly identifying
that this event invalidates the formula. The model’s decision (y = 0.03) aligns with
the ground truth (y = 0), and the attention map provides a proof witness explaining
why. This interpretability feature is absent in black-box baselines (LSTM, GAT) and
provides transparency crucial for deploying Al verifiers in safety-critical systems.

Figure 7 shows GPU memory usage during inference. Memory scales linearly
with trace length (O(n - d)), as expected. For maximum trace length (100), TCGN
uses < 2GB GPU memory, fitting comfortably on edge devices. The multi-scale
encoding adds < 15% memory overhead compared to standard GAT.

(a) Trace of States and Propositions
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Figure 6: Attention visualisation for the Until operator.
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Figure 7: Memory consumption during inference for different trace lengths and model
configurations. TCGN’s memory scales linearly with trace length, enabling deploy-
ment on resource-constrained devices.

5.5 Generalisation to unseen formulas

To test generalisation, we evaluate on formulas constructed from operators un-
seen during training (e.g., training on I/, testing on R). Table 8 reports results. While
performance degrades for completely unseen operators, TCGN still achieves rea-
sonable accuracy (> 84%) by leveraging compositional embeddings, demonstrating
some degree of systematic generalisation.

The model achieves 87.3% accuracy on formulas with the Release operator (R)
and 84.6% on Weak Until (W) despite never encountering these operators during
training, demonstrating compositional generalisation. Performance drops to 76.8%
when trained only on propositional and next-step formulas, highlighting the impor-
tance of exposure to temporal operators during training (Figure 8).

Training Set Test Set (Unseen Operators) Accuracy (%)
All operators except R Formulas with R 87.3+1.2
All operators except VW (Weak Until) Formulas with W 84.6+1.4
Propositional + () only Formulas with &/ 76.8+1.8

Table 8: Zero-Shot Generalisation to Unseen Operators

The ROC analysis (Figure 9) shows TCGN achieving near-perfect discrimina-
tion with AUC scores of 0.987 on GWN and 0.962 on NPS, substantially outperform-
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Figure 8: Zero-shot generalisation to unseen operators. Accuracy on test sets con-

taining operators not seen during training.
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Figure 9: ROC curves for all models on both datasets. (a) Grid-World Naviga-

tion (GWN) dataset: TCGN achieves AUC of 0.987, significantly outperforming

GAT (0.92) and LSTM (0.81). (b) Network Packet

Scheduler (NPS) dataset: TCGN

achieves AUC of 0.962, compared to GAT (0.88) and LSTM (0.76). The near-perfect
ROC curves demonstrate TCGN’s excellent separability between satisfying and non-

satisfying traces across all confidence thresholds.
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6 Discussion

Our experimental results demonstrate that TCGN effectively bridges the gap be-
tween formal verification and deep learning for LTLf trace checking. The near-perfect
accuracy (98.7% on GWN, 96.2% on NPS) suggests that neural networks can learn
to approximate temporal logic semantics with high fidelity. The 57x speedup over
NuSMYV confirms that amortised inference can overcome the state-space explosion
problem that plagues symbolic methods.

The ablation study reveals that each component of TCGN contributes meaning-
fully to overall performance. The temporal context vector T() is most critical, con-
firming that global formula information must be injected at every layer rather than
only at readout. Multi-scale encoding proves essential for deep formulas, explaining
why single-scale GNNs struggle with nested temporal operators.

6.1 Theoretical implications

Our expressiveness theorem establishes that TCGN has sufficient capacity to
represent any LTLf formula exactly. This theoretical guarantee, combined with em-
pirical results, suggests that the performance gap relative to symbolic verification is
due to optimisation challenges rather than architectural limitations. Future work on
better training objectives or initialisation schemes could potentially close this gap en-
tirely.

6.2 Practical implications

For practitioners, TCGN offers several advantages. Real-time verification mil-
lisecond inference enables online monitoring of autonomous systems. Interpretability
attention weights provide actionable explanations for verification decisions, crucial
for certification in safety-critical domains. Graceful degradation under perturbations
makes TCGN suitable for noisy real-world environments. Linear memory scaling
allows deployment on edge devices with limited resources.

6.3 Limitations and future work

Despite strong results, several limitations warrant acknowledgement. The cur-
rent evaluation is limited to traces of length < 100. While inference scales linearly,
very long traces (e.g., 10° steps) may require hierarchical or recurrent architectures.
We evaluated on common LTLf operators; rare operators (e.g., 7 “trigger”) and pa-
rameterised formulas were not tested. Extending to full LTL (infinite traces) remains
an open challenge.

While we proved the existence of parameters for exact satisfaction, training does
not guarantee convergence to these parameters. Understanding the loss landscape and
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developing better optimisation methods is future work. TCGN predicts satisfaction
probability but does not generate counterexample traces when a formula is false. In-
tegrating with trace synthesis methods would enhance practical utility. Current ap-
proach verifies whole traces; compositional verification of larger systems by verifying
components independently remains unexplored.

6.4 Broader impact

TCGN represents a step toward trustworthy Al systems by enabling efficient,
interpretable verification. Potential positive impacts include safer autonomous vehi-
cles, more reliable network protocols, and certified robotic systems. However, over-
reliance on neural verification without understanding its failure modes could lead to
undetected errors. We advocate for hybrid approaches where TCGN provides fast
approximate verification complemented by symbolic methods for critical cases.

7 Conclusion

This paper introduced TCGN, a deep learning architecture for LTLf trace check-
ing over computational tree models by reformulating model checking as supervised
learning on graph-structured execution traces, enabling amortised and linear-time
inference. The model integrates proposition-aware node featurization, a recursive
AST encoder for compositional formula embedding, temporal graph convolution with
formula-guided attention, multi-scale temporal encoding, and hierarchical pooling
focused on initial state semantics. We further established a robustness framework
with four temporal adversarial perturbation models and a symmetric metric based on
Jensen-Shannon divergence, and proved that TCGN can exactly represent any LTLf
formula. Empirically, TCGN achieved 98.7% accuracy on Grid-World Navigation
and 96.2% on Network Packet Scheduler, delivered a 57x speedup over NuSMV
with constant-time inference, maintained robustness scores above 0.85, and produced
interpretable attention aligned with LTLf semantics. Overall, the results demonstrate
that deep learning can approximate temporal logic verification with high accuracy,
efficiency, robustness, and interpretability, offering a practical path toward scalable
and trustworthy Al verification.

Data Availability Statement

The datasets analysed during the current study are publicly available. The source
code for the model can also be obtained from the corresponding author upon request.

* Synthetic Grid-World Navigation (GWN): https://wimnet.ee.columbia.edu
/portfolio/synthetic-power- grids-data-sets/


https://wimnet.ee.columbia.edu/portfolio/synthetic-power-grids-data-sets/
https://wimnet.ee.columbia.edu/portfolio/synthetic-power-grids-data-sets/
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* Real-World Network Packet Scheduler (NPS): https://bnn.upc.edu/downlo
ad/dataset-v4-nsfnet/
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