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Abstract—Forecasting is increasingly considered a fundamental enabler for the management of next-generation mobile networks. While
deep neural networks excel at short- and long-term forecasting, their complexity hinders interpretability, a crucial factor for production
deployment. The existing EXplainable Artificial Intelligence (XAI) techniques, primarily designed for computer vision and natural language
processing, struggle with time series data due to their lack of understanding of temporal characteristics of the input data. In this paper, we
take the research on XAI for time series forecasting one step further by proposing AICHRONOLENS, a new tool that links legacy XAI
explanations with the temporal properties of the input. AICHRONOLENS allows diving deep into the behavior of time series predictors and
spotting, among other aspects, the hidden causes of forecast errors. We show that AICHRONOLENS’s output can be utilized for
meta-learning to predict when the original time series forecasting model makes errors and fix them in advance, thereby improving the
accuracy of the predictors. Extensive evaluations with real-world mobile traffic traces pinpoint model behaviors that would not be possible
to identify otherwise and show how model performance can be improved by 32% upon re-training and by up to 39% with meta-learning.

Index Terms—Explainable AI, mobile networks, deep learning, time series forecasting, network performance indicators.

✦

1 INTRODUCTION

THE advent of fifth-generation (5G) mobile networks
has considerably changed the landscape of the mobile

network ecosystem. The growing availability of higher and
faster access to mobile services has contributed to an increase
in the demand for mobile traffic which is growing at a
staggering pace. Consuming data via 5G is expected to
account for 75% of the total mobile traffic in 2029 whereas
the same fraction was only 25% at the end of 2023 [1].

The capability to analyze and forecast mobile traffic
volumes at the individual level of single Base Station (BS)
or the city scale has become key for operators to perform
resource management properly. Traffic forecasting makes
diverse optimizations possible, such as network deployment
planning [2], routing [3], and mobility management [4],
resource allocation [5] and network slicing [6], and to reduce
the energy consumption footprint [7]. In the context of
individual BSs, forecasting traffic volumes has found applica-
bility in anomaly event detection [8], scalable scheduling of
pilot signals to improve the quality of channel estimation [9],
uplink single-user throughput [10], grant scheduling [11]
or buffer status reports [12], and to infer Physical Resource
Block (PRB) utilization [13].

Time series forecasting has received significant attention
from the Artificial Intelligence (AI) community. Recent state-
of-the-art performers like DLinear [14], and PatchTST [15]
improved model accuracy significantly over well-known
techniques like Long-Short Term Memory (LSTM) or AutoRe-
gressive Integrated Moving Average (ARIMA) in a variety
of datasets. In the context of mobile networks, LSTM is
still by far the most popular technique for univariate next-
step time series forecasting [8], [9], [10], often outperforming
other methods like ARIMA [16]. However, transformer-based
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models like PatchTST learn better long-range dependencies
than LSTM which are limited to capturing dependencies in
fixed windows of time. Furthermore, the attention mecha-
nisms employed by such models shall provide a competitive
advantage over LSTM or ARIMA when the data is noisy or
where there are multiple patterns in the data.

The logic governing the above-mentioned models like
DLinear, PatchTST, and LSTM is not easily understandable
by a human observer, which creates an inherent lack of
explainability of the models and hampers their use in
production networks. Without a proper understanding of
the logic governing such models, network managers are
understandably reluctant to blindly trust the output of
data-driven models. Moreover, network engineers remain
skeptical of the opaque internal operation of these models
that make tasks like troubleshooting daunting and that create
new surfaces for adversarial attacks [17]: indeed, it has
been shown how perturbations to the original input (e.g.,
added load or jamming) can be crafted to be imperceptible
to humans, but sufficient to worsen the accuracy of a pre-
dictor [18], [19]. These examples show how explainability is
mandatory if those models are to be deployed in production-
grade networks. As an interesting counterexample, decision
trees [20] have been used in practical scenarios by AT&T
for automatic parameter configuration of newly deployed
BSs [21]. As explained by the authors of that study, a key
element that allowed those models to gain the trust of the
operator was their inherent interpretability. Unfortunately,
decision trees operate on discrete output variables and are
thus very cumbersome to use for mobile traffic forecasting.

In this context, the fundamental objective of EXplainable
Artificial Intelligence (XAI) is precisely to provide logical
and human-understandable explanations for the black-box
behavior of neural networks like LSTMs. Historically, XAI
techniques have been conceived and tailored for computer
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vision and Natural Language Processing (NLP), and not for
time series [22]. This is mainly attributed to data charac-
teristics (high-dimensional data like images and video are
more intuitive to explain than time series for which pattern
identification is more complex) and the surge of interest for
computer vision-based applications (medical imagining or
security built on object detection and recognition are very
popular which has drawn a lot of attention to their interpreta-
tion; in contrast, mobile traffic forecasting is not as popular).
Prominent XAI techniques like LayeR-wise backPropagation
(LRP) [23], SHapely Additive exPlanations (SHAP) [24],
Local Interpretable Model-agnostic Explanations (LIME) [25],
DeepLIFT [26] have been adapted for time series or are
also applicable to time series like DeepAID [27]. However,
as we show in §2, they fail to provide useful explanations
from a fundamental perspective that goes beyond the simple
understanding of input relevance. For example, they are not
capable of revealing the hidden causes of model errors that
are specific to both (i) the model’s inner logic, and (ii) the
currently observed input.

In this paper, we tackle precisely the problem of en-
hancing the quality of explanations in the context of time
series forecasting for mobile networks. Our far-reaching
objective is to lower the barrier to the adoption of AI time
series forecasting models in production networks. For this,
we propose and design AICHRONOLENS, a new tool that
addresses the main shortcomings of legacy XAI techniques
and provides means to better comprehend LSTM models in
action. In essence, AICHRONOLENS resolves the ambiguity
of legacy XAI techniques in assigning the same relevance
scores to highly diverse input sequences by exploring
the Pearson correlation between relevance scores and an
enriched expressiveness of the input sequence. We do so
by applying an imaging technique called Gramian Angular
Field (GAF) [28] that turns an input time series sequence into
a 2D representation, making it possible to capture pairwise
relationships like local maxima/minima within the input
sequence and their spatial distance. Positive or negative
correlations between relevance scores and the GAF imply
that higher or lower importance is given to relevant samples
like local maxima or minima. AICHRONOLENS exploits such
added expressiveness to characterize the model behavior.

In practice, AICHRONOLENS can be used either offline or
online. The offline use is model inspection: AICHRONOLENS
synthesizes tailored explanations on model behavior that
can be next used at inference times for monitoring purposes.
The online use is for meta-learning when the original model
makes mistakes and corrects them. Traditionally, meta-
learning in the context of time series forecasting indicates the
process of automatic knowledge acquisition for either model
selection of model hyperparameter fine-tuning [29], [30], [31].
More recently, the concept extended to the prediction of
meta-features that indicate if the accuracy of the model is
degrading in the presence of unseen data at training time,
and thus the model requires re-training [32]. Our work takes
meta-learning model errors one step further because we
utilize the outputs of AICHRONOLENS as input of the well-
known ResNet [33] model to predict and correct errors of the
original time series forecasting model.

We perform an extensive evaluation of the strengths of
AICHRONOLENS with real-world mobile traffic data for two

relevant use cases, i.e., forecasting of traffic loads in an urban
area and of the number of connected users to a BS. For the for-
mer, we use a measurement dataset collected in a production
4G network serving a major metropolitan region in Europe
with minute-level traffic information. For the latter, we use
a measurement dataset collected at production BSs with
millisecond-level traffic information [34]. We demonstrate
that AICHRONOLENS spots model behaviors that cannot
be identified otherwise, and partially correct them with the
meta-learning architecture.

The key contributions (“C”) and findings (“F”) of our
study are summarized as follows:
C1. We design AICHRONOLENS, a new tool that addresses

the inherent shortcomings of prominent XAI tools when
applied to AI models for time series forecasting by
harnessing liner relationship between relevance scores
of XAI tools and temporal characteristics of the input
sequences.

C2. We design a meta-learning architecture consisting of
an original time series forecasting model and a ResNet
model that processes AICHRONOLENS’s outputs to
forecast and correct the errors in the original time series
forecasting model.

C3. We perform an extensive evaluation of AICHRONOLENS
with real-world datasets and several time series fore-
casting models to demonstrate that it provides detailed
explanations of model behavior that are useful to monitor
and verify the model’s robustness over time.

F1. We find that, unlike legacy XAI tools, AICHRONOLENS
is capable of pinpointing differences in hyperparameter
settings at training times of different models applied to
the same test data. For example, higher learning rates
translate into stronger correlations between the relevance
scores and the time series inputs while lower learning
rates exhibit weak or non-linear correlation.

F2. We find that the correlation coefficients obtained as out-
comes of AICHRONOLENS show geometrical properties
that can be related to the model errors. Further, we show
the root causes of this issue, e.g., poor model design or
data that is inherently hard to predict.

F3. We find that AICHRONOLENS can be used to improve
model accuracy in several ways: either by refining the
training process with informative feedback on missing
patterns in the original training data or via meta-learning.

For the sake of reproducibility and to further stimulate
the research in the field, we released the artifacts of our
initial study [35] (the trained LSTM models and the code
of AICHRONOLENS) at: https://git2.networks.imdea.org/
wng/aichronolens. Upon acceptance of this version of the
manuscript, we will update the repository with PatchTST and
DLinear models, as well as the meta-learning architecture for
error correction.

2 BACKGROUND AND MOTIVATION

2.1 Background

Time Series Forecasting: Problem Formulation. The objec-
tive of Machine Learning (ML) models that tackle the prob-
lem of time series traffic forecasting is to predict a sequence
of future values at a certain time step t, having observed
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a sequence of past values. Values can be traffic volumes,
number of users or PRBs measured over time. Formally, let
XT = {x1, x2, . . . , xT } be the whole sequence of values at
time t = {1, 2, . . . , T}. Let Xt ∈ XT be the set of historical
n past values at time t: Xt = {xt−n+1, xt−n+2, . . . , xt}. n is
known as history, lookback or input sequence, with n ≪ T .
Then, the forecast Ŷt = {ŷt+1, ŷt+2, ..., ŷt+H} at time t is:

Ŷt = F (Xt), (1)

where H is the prediction length or horizon: for single-step
predictions H = 1 while in multi-step predictions H > 1.
F is a generic prediction function and the ML model design
phase is all about defining a proper F for the problem
under analysis. F is trained by evaluating at each iteration
a loss function Zθ(Yt, Ŷt), where Yt = {yt+1, yt+2, ..., yt+H}
is the ground truth, and updating the parameters θ (e.g., the
weights) to fulfill a specific objective, e.g., minimizing the
Mean Absolute Error (MAE) or Mean Square Error (MSE)
between Yt and Ŷt.
A Primer on XAI. Promoting trustworthiness in AI has
experienced a surge of interest over the last few years [36],
[37], also in the context of mobile networks [38], [39]. While
interpretability focuses on contextualizing the model outputs
about its design, explainability goes beyond and provides
customized knowledge that describes how and why a model
comes to achieve a given output [40]. Intrinsic or transparent
XAI techniques foster interpretability, while post-hoc XAI tech-
niques apply after training and concern explainability [41].
AICHRONOLENS synthesizes post-hoc explanations.
XAI for Time Series. Although XAI was conceived and
tailored for computer vision and NLP, there exists some
applicability to time series [22], especially in the context
of time series classification [42], [43]. The techniques that
apply to forecasting are often tailored to multi-variate time
series [44]. Many mobile network problems instead require
tools for univariate time series, which we present next.
XAI Techniques. There exists model-agnostic and model-
specific techniques. SHAP [24], LIME [25] and Eli5 [45]
belong to the first category and provide explanations by per-
turbing the inputs of the models to determine how relevant
the features are for the prediction. These techniques differ
in the way they compute the relevance scores. Conversely,
LRP [23] is model-specific. LRP provides explanations by
evaluating which neurons are relevant to a prediction given
the input data, making it thus possible to highlight which
part of the input data influences the prediction the most.

We now provide the reader with the necessary back-
ground on the XAI techniques used in the rest of the paper:
• LRP assigns a score to all the inputs of a predictor and
this score indicates the extent of their contribution to the
predictor. The relevance scores are computed by tracking
back from the output the individual activation of each
neuron and its weight in subsequent layers of the model.
LRP follows a conservation principle for which the total
amount of relevance distributed in layer p remains unaltered
in layer q. When the backpropagation reaches the input layer,
the relevance score is distributed to the input sequence.
• SHAP provides feature-based explanations by approximat-
ing the Shapley values of a prediction. These are obtained
by examining the effect of removing one feature at a time
under the combination of the presence/absence of all other
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72.1
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Fig. 1. Example of LRP scores for an input sequence of traffic load

features. SHAP generates global and local explanations in
the form of log-odds, which can be turned into a probability
distribution with the softmax operation.

LRP appears to be more suitable for the specific case of
time series prediction, as it provides high-quality fidelity
in the explanations vis-a-vis the SHAP and LIME counter-
parts [46]. Nevertheless, for the sake of completeness, we
will use both LRP and SHAP.

2.2 Motivation
We now elaborate on the need for AICHRONOLENS by
showing the limitations of LRP and SHAP techniques. For
the specific problem of time series classification, a recent
work [47] shows that different methods lead to different post-
hoc explanations for the same model on the same dataset. In
this work, we go further and show that when applied to uni-
variate time series the same XAI method provides ambiguous
explanations with no relation to the input sequence.

For this purpose, we train a model composed of an
LSTM layer with 200 neurons followed by a fully connected
output layer with a single hidden unit. The model applies
to a dataset that contains traffic volumes from a production
network with a 3 minute granularity where 28 541 samples
are used for training and 7 121 for testing. §4.1 provides more
details on the datasets and all the other models trained for
validation purposes from which we derived the model cur-
rently under consideration. We apply both LRP and SHAP on
the test set. Fig. 1 portrays an example of an input sequence
of 20 values, the forecast, and the LRP scores. Next, we
perform an extensive clustering analysis utilizing Dynamic
Time Warping (DTW) Barycenter Averaging (DBA) [48] and
Soft-DTW [49] k-means. For each technique, we run DBA
and Soft-DTW for several cluster sizes (i.e., κ = [3 : 10]) and
compute the silhouette score to identify the optimal number
of clusters [50]. Fig. 2 portrays an example of the obtained
results for LRP where the optimal number of clusters is
κ = 4 for both DBA and Soft-DTW. It takes nearly 16 hours
to execute on an Intel® Core™ i9-11900K processor operating
at 3.5 GHz and equipped with a Nvidia RTX 3090 GPU. On
the top of the figure, we show the LRP scores and, on the
bottom, the corresponding input sequence that produced a
prediction explained by the generated scores. From Fig. 2 we
observe that, for each cluster, there is no unique relationship
that bonds the LRP scores with input sequences. We verify
that the same behavior holds for SHAP too. The lack of such
a relationship suggests that the XAI techniques are either not
effectively capturing the salient characteristic of the model
or that the model itself is not adequate for the job.

3 AICHRONOLENS

In light of the motivation presented in §2.2, this section
presents AICHRONOLENS, a new technique that enhances
the depth of explanations of legacy explainability tools.
We first delve into its design principles (§3.1), next we
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Fig. 2. Main shortcoming of prominent XAI methods: explanation profiles can originate from highly diverse input sequences
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Fig. 3. AICHRONOLENS architecture

present its architectural design (§3.2), its computational
complexity (§3.3), and, finally, we discuss the architecture for
meta-learning (§3.4).

3.1 Overview and Design Principles

Fig. 3 outlines the high-level design of AICHRONOLENS. In a
nutshell, AICHRONOLENS extracts through XAI techniques
like SHAP or LRP relevance scores (Ln) that define the
contribution of each element of the input sequence Xt to
one element of the forecast Ŷt (module ❶ in the figure). To
resolve the ambiguity highlighted in §2.2, AICHRONOLENS
uses an imaging technique, the GAF, on Xt to reveal patterns
within the input sequence (module ❷). The GAF encodes
pairwise angular relationships by representing each point
of Xt as a cosine-based angular coordinate. The operation
transforms Xt into a more expressive representation that we
harness to generate explanations. Next, AICHRONOLENS
probes for linear correlation with the Pearson’s coefficient
between the relevance scores Ln and the GAF representation
Gn×n (module ❸). We specifically probe for linear correlation
to understand whether the model provides higher or lower
importance to relevant samples in the input sequence like
local maxima or minima. Finally, the “Analyzer” module
monitors when this relation holds true (alignment between
relevance scores and input sequences as series of correlation
vectors Rn computed over time) or not and exploits transi-

tions between the two cases as base information to synthesize
more profound explanations (module ❹).

We design AICHRONOLENS with the following design
principles (DP) in mind:
• DP1: XAI Generality. We allow for any of the existing XAI
tools to be plugged into AICHRONOLENS, which makes
AICHRONOLENS highly general. At the same time, this
allows us to compare the explanations that the different
XAI tools provide when applied to the same trained LSTM
model on the same dataset.
• DP2: Univariate Time Series Specificity. While being general
regarding the pluggable XAI techniques and AI models for
time series forecasting, in this paper we restrain the scope
of action to univariate time series tasks. We leave to future
work the adaptation of AICHRONOLENS for models dealing
with either multi-variate or spatio-temporal inputs.

3.2 AICHRONOLENS Design
As introduced above, AICHRONOLENS consists of four main
modules: module ❶ exploits an XAI technique for each
prediction, module ❷ applies the GAF operation, module ❸

computes the Pearson’s correlation coefficient on both rel-
evance scores and GAF matrix, and module ❹ synthesizes
explanations from the obtained correlation coefficients.
Relevance Scores from XAI (❶). In computer vision, XAI
techniques indicate the relevance of each pixel of an image
at each point in time t. In analogy, by taking into account
that Ŷt depends on the past, or input sequence Xt, then XAI
techniques provide relevance scores Ln to each element of
the input sequence xi ∈ Xt, ∀i = 1, 2, . . . , n.

According to DP1, we now show how to obtain the
relevance scores Ln by considering the two most prominent
XAI techniques for each category of methods, i.e., LRP
(backpropagation) and SHAP (perturbation).

LRP computes relevance scores Lq
i←j that represent the

relevance score propagated from neuron j in layer p back to
neuron i in layer q:

Lq
i←j = Lp

j ·
aiwi,j∑
k akwk,j

, (2)

where the term Lp
j indicates the relevance score at neuron

j in layer p, wi,j is the weight connecting neuron i in layer
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q to neuron j in layer p, while the index k refers to the set
of neurons contributing to the activation of neuron j. The
process iterates from the prediction output Ŷt to the input
Xt where the relevance scores Ln are attributed to the n
elements of Xt. Note that the process is independent of the
number of neurons of the model, i.e., regardless of the depth
of the neural network LRP always produces a total of n
relevance scores.
• SHAP is an XAI framework based on Shapley values
from game theory. Shapley values measure the contribution
(positive or negative) of each feature in the input to predict
the output. Note that a negative contribution means a
negative deviation from the expected value of the model, i.e.,
the empirical mean of the predictions over a specific set of
observations. Formally, the definition of a Shapley value is
the following: Given a set of players (features if extrapolated
to ML problems) M = {1, 2, . . . ,m} and a characteristic
function (or ML model) v : 2M → R, the Shapley value Li(v)
for player i is defined as:

Li(v) =
∑

S⊆M\{i}

|S|!(m− |S| − 1)!

m!
(v(S ∪ {i})− v(S))

where S ⊆ M \ {i} denotes any subsets of M that do not
contain player i, |S| is the number of players in subset S, m
is the total number of players, v(S) is the value of subset S.
Imaging via GAF (❷). Given the inherent ability of ML
in dealing with images, there exists several attempts of
transforming time series into images [51]. Recurrence Plots
(RP), GAF, and Markov Transition Field (MTF) are popular
imaging techniques for time series [28]. In a nutshell, all
of them turn a time series of length m into an image of
m×m pixels. The difference between these techniques lies
in how they define the image. RPs compute the Euclidean
distance for each value j ∈ m of the time series. RPs are not
capable of dealing with time series of variable length and
different scales, and can not effectively represent upward and
downward trends [52]. GAF represents a time series using
polar rather than Cartesian coordinates by constructing a
Gram matrix where each element is the cosine of the sum of 2
angles. Finally, MTF constructs a Markov matrix of quantile
bins on the time series values and encodes into a quasi-
Gramian matrix the dynamic transition probability of each
element j ∈ m. Although the MTF technique preserves tem-
poral dependencies like GAF, it does not allow reconstructing
the original time series as GAF does. The difference lies in
the fact that GAF operates on time series values directly,
while MTF operates on transition probabilities of quantiles.
Hence, we use GAF for AICHRONOLENS.

To obtain a GAF, the original elements of time series
xi ∈ Xt, with i = 1, . . . , n, undergo a set of transformations.
First, we rescale them in the range [−1, 1]:

x̃i =
(xi −max(Xt)) + (xi −min(Xt))

(max(Xt)−min(Xt))
. (3)

Next, we represent X̃n in polar coordinates by encoding
the value as the angular cosine and the time step as the
radius: ϕ

i
= arccos(x̃i),−1 ≤ x̃i ≤ 1, x̃i ∈ X̃;

ri =
i

n
, i ∈ N.

(4)

In this equation, r maps the progression over time of the
input sequence as radial distance in concentric circles and
the lookback size n is used for normalization so that the
progression of time and, in turn, the size of the concentric
circles, is proportional to the length of the series. The
variables ϕ and r in the context of Gramian Angular Fields
(GAF) representations do not have subscript i because they
describe a global transformation of the entire input sequence
Xt rather than individual components indexed by i. In other
words, they represent the result of a transformation applied
to each x̃i and i and depend on the entire Xt because of the
rescaling operation.

With time increase, the values of the time series shift
between angular positions, while the radius increases at a
steady rate. The polar representation for the visualization
of the time series brings two important properties. First, it
is bijective, as cos(ϕ) is monotonic when ϕ ∈ [0, π] which
makes it possible to recover the original time series. Second, it
preserves absolute temporal relations as opposed to Cartesian
coordinates. In Cartesian coordinates, the area under a curve
between two points depends only on the time interval
between the two points. However, in polar coordinates, the
area also depends on the absolute values of the time series at
those points. This means that even if two-time intervals have
the same length, the corresponding areas in polar coordinates
can be different if the time series values at the endpoints are
different. Armed with such representation, we can define the
GAF as Gn×n for each t ∈ T :

Gn×n =


cos(ϕ1 + ϕ1) · · · cos(ϕ1 + ϕn)
cos(ϕ2 + ϕ1) · · · cos(ϕ2 + ϕn)

...
. . .

...
cos(ϕn + ϕ1) · · · cos(ϕn + ϕn)

 . (5)

By defining the inner product as follows:

⟨v, z⟩ = v · z −
√
1− v2 ·

√
1− z2. (6)

a Gram matrix [53] Gn×n can be rewritten as:

Gn×n =


⟨x̃1, x̃1⟩ · · · ⟨x̃1, x̃n⟩
⟨x̃2, x̃1⟩ · · · ⟨x̃2, x̃n⟩

...
. . .

...
⟨x̃n, x̃1⟩ · · · ⟨x̃n, x̃n⟩

 . (7)

A Gram matrix of a set of vectors v1, ...,vn in an inner
product space is the Hermitian matrix of the inner product
(a matrix B is Hermitian if and only if each element
fulfills bij = bji, that is, the matrix is equal to its conjugate
transpose). The GAF representation provides several features.
First, it preserves temporal dependency, because the time
increases as we move from top left to bottom right. It contains
temporal correlations, since G(i,j||i−j|=t) corresponds to the
relative correlations of the directions that lie in the time step
t. The main diagonal of Gn×n is a special case containing
the original time series values. In a GAF, high values (close
to 1) are those where local maxima or minima in the original
time series correlate either with themselves or other maxima
or minima respectively. The values close to 0 are the result of
a correlation between local maxima or minima with points
of intermediate values in the original time series. Finally,
negative values (close to −1) originate from the correlation
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between a point with a local maxima or minima with another
point in the original time series with a local minima or
maxima respectively.
Defining Correlations (❸). Armed with relevance scores Ln

and Gn×n, we seek correlation between these two quantities.
In essence, we aim to understand if there is a linear relation
between the relevance scores (i.e., Ln) and elements of the
input time series (i.e., Gn×n). Specifically, by construction,
each row of Gn×n characterizes inner relationships between
samples of the input time series. Denote the ith row of this
matrix as Gi, a 1×n vector defined in (7). Given that also Ln

is a 1× n vector, we can compute the Pearson’s correlation
coefficient between these two quantities. Specifically:

Rn =
cov(G,L)

σGσL
=


ρ0
ρ1
...
ρn

 . (8)

where σ is the standard deviation and cov(·, ·) is the covari-
ance. By computing (8) for each time step t = 1, . . . , T , we
obtain a correlation matrix C with dimensions n× T :

C =


ρ1,1 ρ1,2 . . . ρ1,T
ρ2,1 ρ2,2 . . . ρ2,T

...
...

. . .
...

ρn,1 ρn,2 . . . ρn,T


n×T

, (9)

which can be written in compact form as

C =
[
Rn,1 Rn,2 . . . Rn,T

]
. (10)

Analyzing Correlations (❹). At the heart of
AICHRONOLENS, the “Analyzer” module exploits C
to synthesize explanations. For the sake of illustration, let us
consider the case of observing W = 3 time steps (i.e., t, t+ 1,
and t + 2) of correlation vectors with a history of n = 6
samples. With the increase in time, a correlation coefficient
ages and vanishes once the presence in the history of the
sample of the time series that contributed to its generation is
over. To observe the evolution of the Pearson’s coefficients of
each sample over time, we create a new matrix S by storing
all the secondary diagonals of length T in rows:

C6×3 =




ρ1,1 ρ1,2 ρ1,3
ρ2,1 ρ2,2 ρ2,3
ρ3,1 ρ3,2 ρ3,3
ρ4,1 ρ4,2 ρ4,3
ρ5,1 ρ5,2 ρ5,3
ρ6,1 ρ6,2 ρ6,3
t t+ 1 t+ 2

,S4×3 =


ρ3,1 ρ2,2 ρ1,3
ρ4,1 ρ3,2 ρ2,3
ρ5,1 ρ4,2 ρ3,3
ρ6,1 ρ5,2 ρ4,3

 .

(11)
For practical use, ST is more convenient than S.

All the explanations of AICHRONOLENS rely on the anal-
ysis of C or ST over windows w ≤ T . AICHRONOLENS’s
outputs are directly linked to the temporal consistency
between the time series input and the relevance scores of
legacy XAI techniques. This consistency materializes in the
form of patterns within C or ST . Specifically, depending
on their value, either positive or negative, the correlation
values generate patterns in w. For instance, from left to right,
bottom to top: ρ6,1, ρ6,2, ρ6,3, ρ5,2, ρ5,3, and ρ4,3 would form
a triangle of negative correlation if all the coefficients are in

the range [−1, 0]. Our explanations are based on what we call
points of interest that arise when these patterns in w break
or alter because these define the response of the model to the
time evolution of the original time series. The response of the
model could be either correct if the model has successfully
learned such a pattern or erratic if the model did not learn
such a pattern during training.

Figure 4 exemplifies the above concept and shows at a
high level the conceptual advantage of AICHRONOLENS over
the use of SHAP alone. Specifically, we show the response
of the model in the presence of a spike in the original
time series and we highlight the spike with a box around
time step 16. The top subplot illustrates the forecasts of the
predictor and ground truth. Note that while the prediction
may be multi-horizon (predicting multiple time steps at
once), AICHRONOLENS can only explain one item of the
prediction at a time, ŷt+h ∈ Ŷt with h = {1, 2, ...,H}. In this
example, we focus on forecasting the immediate next time
step, i.e., h = 1. The second subplot is a visual representation
of the ground truth, i.e., the original time series. For each
time step t on the x-axis, the y-axis displays a window Xt

containing the normalized (with standard scaler) lookback
utilized for the prediction in time step t+ 1. Since the offset
between consecutive windows is exactly one value, each
new element of the time series will enter a window Xt in
position 0 and will shift by one value in consecutive windows
reaching the position 300. An oracle would learn exactly
these patterns. The third subplot shows the SHAP values that
measure the contribution of each value in Xt for predicting
the output ŷt+h. The SHAP values mimic the patterns visible
in the ground truth in an ambiguous manner. Finally, the
bottom subplot shows AICHRONOLENS’s outputs and it
becomes clear how AICHRONOLENS preserves the time
series patterns of the ground truth much better than SHAP.
These patterns directly relate to the temporal consistency of
the model response to the evolution of the time series. When
this temporal consistency breaks, as seen with the spike in the
figure, it is recorded in AICHRONOLENS’s outputs, allowing
the detection of these points of interest. These points of
interest are sensitive and are points where the model might
make errors if the training process is not sufficiently accurate.

To summarize, AICHRONOLENS links relevance scores
with temporal characteristics of the input sequences in
a unique manner. The output of the tool is correlation
coefficients that, if observed over time, generate patterns
(series of triangles of positive or negative values) that can be
geometrically interpreted to spot different causes of errors.
In §5 we will show two techniques for pattern recognition
that uniquely identify different causes of errors.

3.3 Computational Complexity
The computational complexity of AICHRONOLENS has three
components, one for each of the main modules: the computa-
tion of the relevance scores with legacy XAI techniques like
SHAP and LRP (module ❶), the transformation of Xt into the
GAF (module ❷), and the correlation analysis (module ❸).
Relevance Scores. The complexity of generating relevance
scores depends on the explainability method applied:
• The computational complexity of SHAP is typically
O(n ·2n) due to the combinatorial nature of Shapley val-
ues. Natively, SHAP is computationally very expensive.
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Fig. 4. Visual comparison of the analysis of AICHRONOLENS and SHAP

For deep neural networks like those used in this work,
DeepSHAP was developed [54] whose computational
complexity is O(n · k · a), where k is the number of
neurons in the neural network and a is the number of
samples used for the approximation.

• The computational complexity of LRP is O(n · k), where
k is the number of neurons in the neural network.

GAF Transformation. Transforming the input sequence Xt

of length n into a GAF matrix involves pairwise cosine
correlations between all elements. Thus the computational
complexity is O(n2).
Correlation Analysis. Calculating the Pearson correlation
between the G and the relevance scores L involves element-
wise operations over the matrix and the relevance vector,
leading to a complexity of O(n2).

Considering all the above components together, the
computational complexity of AICHRONOLENS is O(n2+n·d)
using LRP and O(n2 + n · k · a) using SHAP.

3.4 AICHRONOLENS for Meta-Learning
Since AICHRONOLENS’s outputs C or ST are images (two-
dimensional with spatial relationships) and are sensitive to
areas where the predictor could struggle to make accurate
forecasts, we can leverage existing ResNet alongside the
forecasting models for meta-learning. Figure 5 portrays the
combined architecture. We choose ResNet for meta-learning,
as compared to other well-known models like MobileNet [55],
EfficientNet [56] or DenseNet [57], ResNet is specifically
tailored to find patterns in images that consist of structured
patterns and variations in intensity and color like the GAF.
In contrast, other well-known models are more optimized for
image classification tasks where features like edges, textures,
and objects are present, which is not the case for the GAF. By
using AICHRONOLENS’s outputs as input of a ResNet we can
predict potential errors that the original models might incur
and then correct them to improve the overall accuracy. For
this purpose, we need a second stage of training where the
meta-learning model parameters are updated based on a new
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Fig. 5. AICHRONOLENS architecture for meta-learning: the objective is to
predict the error of the original model and fix it

loss function Z(ϵ, ϵ̂) where ϵ = Y − Ŷ is the error between
the ground truth and the prediction and ϵ̂ is the prediction of
ϵ made by the meta-learning model. Formally, we are using a
model f ′(Rn), where Rn ∈ C is AICHRONOLENS’s output
at time t, to generate a prediction ϵ̂t that closely mimics the
error ϵt = Yt − Ŷt of the original forecasting model f(Xt).
The corrected prediction Ŷ ′t = Ŷt + ϵ̂ would be then just
the original prediction Ŷt plus the error ϵ̂ predicted by the
meta-learning model. Note that if the MSE(ϵ, ϵ̂) is higher
than the MSE(Y, Ŷ ) then the MSE(Y, Ŷ ′) also will be, since
ϵ− ϵ̂ = Y − Ŷ ′.

4 EVALUATION SETUP

In this section, we first describe the datasets (§4.1) and AI
models (§4.2), and then the forecasting tasks (§4.3) that form
the evaluation setup we use to validate AICHRONOLENS.

4.1 Datasets
Datasets. We rely on two different datasets:
• D1: The first dataset contains measurements of traffic
volumes recorded in a production 4G network that serves a
large metropolitan region in Europe. The dataset provides
fine-grained information at 3-minute granularity about the
traffic volumes at each BS. The dataset covers 3 months.
• D2: The second dataset contains the estimated number of
active users currently connected to production BSs [34] in
Madrid. The dataset has been recorded using a popular LTE
passive monitoring tool that decodes unencrypted informa-
tion that the BSs exchange with the associated users. The
dataset contains information at the millisecond level about
the temporary user ID currently associated with the user,
i.e., the Radio Network Temporary Identifier (RNTI), and
scheduling information. We use the methodology proposed
in [58] to estimate the number of active users every 6 minutes.
The dataset contains information from six different BSs
and for this work, we have focused on the BS with carrier
frequency equal to 816 MHz located in suburban areas of
Madrid (zone II).
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TABLE 1
Configuration and accuracy of the LSTM models trained for D1 for

single-step forecasting tasks

MODEL ID NEURONS LEARNING RATE MAE

A 200 0.0001 0.96
B 100 0.0001 0.99
C 50 0.0001 1.09

A⋆ 200 0.001 0.67
B⋆ 100 0.001 0.68
C⋆ 50 0.001 0.95

4.2 AI Models

We use two different sets of AI models depending on the
objective, i.e., time series forecasting or meta-learning. The
models adopted for each objective are presented next.
Time series forecasting models. For the forecasting compo-
nent of our framework, we considered the three following
architectures.
• LSTM [59] is a Recurrent Neural Networks (RNN)

model composed of cells. These cells feature various
gates that enable the model to store both long-term and
short-term memory. The design of LSTM aims to address
a major limitation of standard RNNs: the vanishing
gradient problem.

• PatchTST [15] is a transformer-based model that incor-
porates channel independence and sequence patching,
significantly enhancing its performance compared to
previous state-of-the-art models.

• DLinear [14] is a linear model that leverages a single
projection layer that incorporates a pre-processing step
separating the input data into its seasonal and trend
components.

Meta learning model. For meta-learning, we use ResNet [33],
which is a neural network based on Multilayer Perceptron
(MLP) and convolutional layers that leverage residual con-
nections. These connections allow for a significant increase
in the maximum number of layers that can be added to the
model, thereby notably enhancing its performance.

4.3 Time Series Forecasting Tasks

We considered three different forecasting tasks: single-step
forecasting (i.e., H = 1), multi-step horizon forecasting (i.e.,
H > 1), and meta-learning.
Single-step Forecasting. In this scenario we build three
different single-layer LSTM models (A, B, C), each with a
varying number of LSTM cells, and train each model using
two different learning rates (where model A⋆ has a higher
learning rate than A). Table 1 summarizes the details of these
models and their accuracy.
Multi-step Forecasting. In addition to a vanilla LSTM model
with 25 cells, for this task we also use two State-of-the-art
(SoTA) performers namely PatchTST [15] and DLinear [14].
We set lookback windows of 300 and 150 values for D1 and
D2 respectively. As for the horizon, we set L = 60 and
L = 30 accordingly. Results are summarized in Table 2.
Meta-learning Error Prediction. For this experiment, we
trained PatchTST and DLinear on datasets D1 and D2, using
a lookback window of 60 values and a horizon of 20. We then
generated AICHRONOLENS’s outputs for both models. Since
the forecasting task is multi-horizon, we have to compute the

TABLE 2
Long-horizon accuracy of the forecasting models

DATASET METRIC
MODELS

DLinear PatchTST LSTM

D1
MAE 0.217 0.179 0.182
MSE 0.106 0.062 0.076

D2
MAE 0.313 0.304 0.257
MSE 0.161 0.158 0.116

TABLE 3
Meta-learning results

DATASET METRIC
MODELS

DLinear PatchTST

D1
MSE (Y, Ŷ ) 0.226 0.109
MSE (Y, Ŷ ′) 0.098 ± 0.014 0.074 ± 0.007

D2
MSE (Y, Ŷ ) 0.210 0.284
MSE (Y, Ŷ ′) 0.197 ± 0.009 0.321 ± 0.022

SHAP values for each element in the horizon, adding an extra
dimension to the correlation vectors to accommodate all the
different elements. Subsequently, we train a ResNet18 using
AICHRONOLENS’s outputs as input and the error (Y − Ŷ )
as the target. Lastly, we correct the original prediction Ŷ
with the error prediction to get a new prediction Ŷ ′ that
hopefully is closer to Y than Ŷ . Table 3 shows the mean
and standard deviation of MSE (Y, Ŷ ′) over five trials with
different random seeds and compares it with the original
loss of the forecasting model MSE (Y, Ŷ ). The results indicate
that DLinear SHAP values significantly enhance the meta-
learning process, leading to improvements in the original
models across both datasets and models, and reaching a
mean error rate reduction of 26.5% in D1. This may be
attributed to the properties of the DLinear SHAP values,
where a few samples within the window contribute most
significantly to the final output. We also found that datasets
with lower variance and a high number of observations (such
as D1) are more suitable for improving accuracy through
meta-learning.

5 EVALUATION RESULTS

In this section, we empirically evaluate AICHRONOLENS’s
explanations, showing the cause of model errors and opti-
mizing model performance either via data augmentation and
re-training or with meta-learning. We showcase the breadth
of the explanations generated by AICHRONOLENS across all
the time series forecasting models for single-step and multi-
step forecasting trained for D1 and D2. Our main results
are explanations that go beyond the simple attribution of
relevance scores to the input sequence. Next, we specifically
demonstrate that:
• AICHRONOLENS’s output provides information about the
model response in the form of points of interest that the
legacy XAI techniques like SHAP can not reveal alone;
• The analysis of the points of interest makes it possible to
distinguish cases when the model struggles because of a lack
of knowledge or because data is inherently hard to predict.
• If the model struggles because of poor design, re-training
with data augmentation or meta-learning are effective tech-
niques to improve the model’s performance.
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Fig. 6. A detailed look at AICHRONOLENS. Red squares and blue dots
represent the local maxima and local minima respectively.

In summary, our results, derived from the quantitative
analysis performed on the test set of both datasets are the
following:
• R1: In cases where LRP and SHAP produce relevance
scores that are very similar over time and thus not in-
formative, the correlation vectors that are the output of
AICHRONOLENS pinpoint the temporal characteristics that
stimulate the model. These are samples entering or leaving
the input sequence whose values are either local maxima and
local minima or very close to the local maxima or minima.
The absence of such samples entering or leaving the input
sequence turns strong positive or negative correlation values
into weak correlation values. The observed behavior holds
in general (i.e., in the analyzed test sets of both datasets).
• R2: AICHRONOLENS can spot errors that are due to poor
model design and errors that are specific to data that are
inherently hard to predict. The different types of errors
can be identified by analyzing the patterns within C and,
specifically, the points of interest as defined in §3.2.
• R3: For LSTM models, higher learning rates (i.e., models
A⋆, B⋆, and C⋆) produce weaker correlations concerning
models featuring smaller learning rates (i.e., A, B, C). This
behavior occurs regardless of the number of neurons.
• R4: The outputs of AICHRONOLENS can be used to en-
hance model accuracy online through meta-learning. The key
intuition behind this is to leverage the well-known ResNet
model to predict when the original time series forecasting
model is going to make errors, and then compensate for them
before outputting the final prediction.
Finding R1. Fig. 6 demonstrates qualitatively R1. In the
figure, we show in a combined fashion from top to bottom
the input sequence (e.g., time steps), the output of the XAI
techniques (SHAP in this case), the GAF of the corresponding
input sequence, and, finally, the correlation vectors. Note that
the patterns of the correlation vectors differ from that of Fig. 4.

We observe that AICHRONOLENS’s output patterns depend
on the number of elements of the lookback and not on model
architecture (transformer-based like PatchTST, recurrent like
LSTM, etc...) nor the length of the prediction horizon H .
The patterns differ depending on the model’s capabilities.
Fig. 6 shows that while the SHAP scores are highly similar,
the correlation vectors vary considerably. Specifically, we
can appreciate in window 20 (used to predict time step
21) almost no correlation at all. This is because that SHAP
assigns high relevance to samples in the input sequence
closest in time to the next prediction (see history 15− 19 in
the bottom), while these samples are not particularly relevant
from the input sequence perspective (the GAF highlights the
corresponding values with dark colors). In contrast, in time
step 22 a new local minimum enters: the alignment between
SHAP and GAF triggers a significant modification to the
correlation vector if compared with the correlation vector
of the previous time steps. In contrast, if left alone, SHAP
would not capture such a change. We will see next why being
blind to such changes is detrimental to model performance.

Finding R2. We show quantitatively that AICHRONOLENS
can detect different categories “E” of errors:

• E1: is attributed to poor model design (shown for D1),
• E2: is specific to the dataset when using an optimized
model (shown for D2).

Analysis of E1. Next, we will show that by tracing the root
cause of the errors, it is possible to identify weaknesses due to
poor model design that are not captured by coarse evaluation
metrics like MAE or MSE. Finally, we will show that an
informed model re-design can address such a shortcoming.

We perform a complete analysis over the
AICHRONOLENS output C computed on the test set
for all the trained models with both SHAP and LRP
techniques. We observe that in the presence of trend changes
in the time series, correlation vectors exhibit triangles with
negative correlation followed by triangles with positive
correlation. We find that the shape of the triangles varies.
Well-formed, sharply outlined triangles like those in Fig. 7(a)
(top) indicate that in the corresponding part of the time
series, the model does not make significant mistakes (see
Fig. 7(a) (bottom)). We define these triangles as sharp. In
contrast, noisy non-sharp triangles like that of Fig. 7(b) (top)
lead to high errors (see Fig. 7(b) (bottom)) in the presence of
abrupt falls where the model is not able to accurately predict
when the decrease stops in the actual data. This behavior is
systematically observed throughout all the decreasing slopes
present in the test set.

We now show a pattern recognition technique that
identifies sharp and non-sharp triangles. Numerically, we
identify the transition between triangles by computing the
difference of the median correlation scores between two
consecutive correlation vectors Gt and Gt+1 in time steps
t and t + 1. Upon finding the column that interrupts the
triangle, we set a window w of observation centered in such
column. For example, W = 6 indicates that we observe 3
preceding and succeeding columns forming a matrix Cn×w.
To spot sharpness, we perform the following operation on
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Fig. 7. Relating triangle sharpness of AICHRONOLENS output C with model errors
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each element ci,j of the matrix:

ci,j =


−1 if − 1 ≤ ci,j < 0;

1 if 0 < ci,j ≤ 1;

0 if ci,j = 0.

(12)

On the resulting Cn×w, we compute the number h as
the signed difference between the number of positive and
negative values per each secondary diagonal of length w and
store it into an array. By construction values of h are in the
range [−w : w]. Next, we compute a sharpness score σ on
the resulting array as follows:

σ = 1−
∑n−(w−1)

i=1 hi

hi · (w + 1)
. (13)

For 0 < σ < 1, the higher the value of σ, the higher the
degree of non-sharpness. For −1 < σ < 0, the lower the
value of σ, the higher the degree of sharpness. Finally, for
σ > 1, the higher the value of σ, the higher the degree
of sharpness. Our analysis shows a relation between the
sharpness score and the error. Specifically, we observe that
as the sharpness score increases, the error does too (see
Fig. 8(a)). By taking a close look at the errors in the entire
test set (see Fig. 8(b)), we observe that the highest absolute

errors (5-8 GB/min) occur at moderate to low loads that
are all connected with abrupt falls. Fig. 8(c) reveals that the
model significantly underestimates the ground truth in the
presence of severe load decrease (bottom-left in the plot).
A careful analysis of the train set reveals a lack of training
samples exactly in the proximity of traffic volumes for which
the model is often mistaken (see Fig. 8(d)).

Ultimately, AICHRONOLENS allows appreciating that the
model does not generalize in the presence of abrupt load
decrease, as it has not observed such trends in the training
set. In this way, our tool points to the solution to the model
shortcoming, i.e., data augmentation. Specifically, we copy
from the train set several samples that represent 3 days
(overall the train set was about 8 weeks) and append it
to the end of the train set. Next, in the presence of load
drops, we carefully remove samples with the objective of
including those abrupt load decrease occurrences that were
missing. We then train a new model, starting from model
A⋆ settings, with the augmented training dataset. The new
model differs from A⋆ only by the presence of a sigmoid
activation function before the output layer. Fig. 9 outlines that
the new optimized model outperforms the baseline model A⋆

on two fronts. First, the optimized model reduces the errors
of high magnitude (errors are computed as xt+1 − x̂t+1),
which is especially clear on the right inside of the plot where
the errors indicate that the model underestimates the traffic
load. Second, the optimized model reduces the frequency of
errors with small magnitude and yields an error bell centered
around zero. These are all indicators of the poor training
process of model A⋆ vis-a-vis the optimized counterpart.
Overall, by only considering windows around the abrupt
load decrease, model A⋆ would lead to a MAE = 0.921
(which is higher than the overall MAE computed over
the entire test set, see Table 1) while the optimized model
would lead to MAE = 0.619 which is an improvement of
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Fig. 11. Correlation vector for models with different learning rates: top
0.0001 and bottom 0.001

32%. When applied to the entire test set, the optimized
model achieves MAE = 0.69, only a 2% decrease in accuracy
concerning model A⋆.
Analysis of E2. Unfortunately, even after addressing the
category of errors E1, there may be model errors due to
the characteristics of the data itself. We now show that
AICHRONOLENS can identify those too by analyzing the
output S for D2.

Fig. 10 shows qualitatively that there exist consecutive
errors with high magnitude with a change of sign (e.g., first
positive than negative or vice versa). AICHRONOLENS identi-
fies this behavior with triangles of positive or negative corre-
lations over time that are interrupted by a full column with a
weak correlation. Call Gt and Gt+1 the correlation vectors in
the time steps t and t+1: their similarity can be assessed via
the Euclidean distance d(Gt, Gt+1) =

√∑n
i=1(G

i
t −Gi

t+1)
2.

We compute the Euclidean distance d between each two
subsequent correlation vectors in the test set and normalize
it in the range [0 : 1]. When d > 0.6, in 65% of the
cases, we find a change of error sign with a corresponding
MAE = 0.46, much higher than the MAE computed over the
entire dataset (i.e., MAE = 0.13).
Finding R3. To demonstrate qualitatively R3, we portray
in Fig. 11 examples of the correlation vectors in a window
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Fig. 12. Meta-learning error prediction for two elements of the horizon H

of W = 40 time steps in the test set for all the models
in Table 1. Here, the models with the lowest learning
rate (on top) tend to exhibit a strong positive or negative
correlation, with values approaching either 1 or −1. In
contrast, the correlation scores tend to cluster around zero for
models with higher learning rates, which indicates a weaker
or negligible correlation. These behaviors are consistently
observed across the test set and can be linked with the fact
that there exists a trade-off between training cost and model
adaptability. A higher learning rate makes it possible for a
model to easily adapt to new contexts and unseen conditions
but requires more computational resources to be trained.
By contrast, training a model with a lower learning rate
is cheaper at the expense of lower adaptability. We thus
conclude that AICHRONOLENS offers precise insights into
the heterogeneous accuracy of models trained with different
learning rates. Orthogonal to the discussion on the learning
rate, by analyzing Fig. 11 we also observe that the depth of
the LSTM architecture, i.e., the number of neurons, plays a
marginal role for this specific dataset.
Finding R4. To demonstrate R4, we perform different anal-
yses. In all, we use a ResNet model that is applied to the
outputs of AICHRONOLENS to predict when the original
time series forecasting model makes mistakes.

Fig. 12 illustrates DLinear error predictions through a
meta-learning model over 400 time steps for both single step
(Fig. 12(a)) and multi-step horizon predictions (Fig. 12(b))
of the original model. We remark that the ground truth
for these experiments is the error that the original DLinear
model makes. We observe that especially for h = 1, the meta-
learner does a remarkably good job of spotting the error and
this makes it possible to fix it. The error forecaster is less
precise for h = 20, which is understandable given how hard
this forecasting problem is. Since the original time series
forecaster is predicting 20 time steps ahead (each of the time
steps is of 3 min granularity), for h = 20 the model attempts
to forecast the traffic load of the next hour.

Next, for the same model and dataset, Fig. 13(a) portrays a
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qualitative example of a multi-horizon prediction by varying
the focus of the observation (i.e., h = {1, 2, . . . ,H} in
the x-axis). Note that also in this case the ground truth
is the error that the original time series forecasting model
makes. Figure 13(b) shows the corresponding accuracy
improvement of meta-learning compared to the original time
series forecasting model. Note that in this case, the ground
truth is the traffic load, i.e., the original time series.

Finally, Fig. 14 portrays quantitatively the advantage
of using as inputs to the meta-learner the outputs of
AICHRONOLENS over the SHAP values directly across a
variety of settings (datasets and models). The y-axis of the
plots shows the model accuracy of the test set, having
highlighted with a dashed line the original predictor’s
average accuracy without meta-learning. We observe that
meta-learning improves in all the cases the average accuracy,
and using as inputs of the meta-learner AICHRONOLENS’s
outputs is beneficial in most of the cases, but PatchTST.
For example, in the case of DLinear for D1 the accuracy
improvement is 39.25% (Fig. 14(b)). PatchTST does not
improve the average accuracy, but the distribution of the
error is much wider with SHAP than with AICHRONOLENS.

6 DISCUSSION

In this section, we discuss limitations of the tool and areas of
future work.
Focus on Uni-variate Time Series. In this work, we take
into consideration AI models that work with uni-variate time
series, e.g., using traffic load to predict traffic load. Therefore,
AICHRONOLENS is not a fit for models that incorporate
additional features beyond historical traffic volumes as
inputs, such as using both historical traffic volumes and
the number of active users to predict traffic load.

In time series forecasting, the use of multi-variate is
beneficial to the accuracy of the predictor only in the presence
of rich cross-correlation between the variates [60]. Hence, our
focus to the uni-variate time series is an inherent limitation
of the tool, but justified by the fact that models dealing with
these type of time series are actually relevant. PatchTST [15],
a recent state-of-the-art model is designed with a channel
independence principle exactly to focus on one variate
(channel) at a time. Furthermore, AI models for uni-variate
time series inherently limit the forecasting input to one
variate which makes it possible to isolate the contributions
of each element of the history to the forecast.

An inherent limitation of focusing on uni-variate time
series makes AICHRONOLENS not always applicable to
other families of AI models such as Deep Reinforcement
Learning (DRL). The reason lies in the way the Markov
Decision Process (MDP) is defined which are the features
that compose the action and state spaces. MDP is the
mathematical framework used for modeling the decision-
making problems that are a well-match for DRL agents.
Specifically, to be applied to any DRL agents, AIChronoLens
would require that the action is uni-modal and that it
builds upon the observation of a single feature provided
with historical values. This would map the exact setting
we used for time series forecasting. However, to the best
of our knowledge, this is not common in DRL. Our prior
work [61], [39] analyzes the ColO-RAN agent (for Open RAN
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Fig. 13. Meta-learning error correction for a single observation

resource allocation/scheduling [62]), which uses multiple
Key Performance Indicator (KPI) time series and a multi-
modal action deciding allocation of physical resources and
scheduling policy at each time step. This complexity makes
it difficult for AICHRONOLENS to correlate neural network
operation with the input sequences. Pensieve [63], while
using a single-modal action (bit-rate allocation), relies on a
state space with both historical (throughput, download times
of past k chunks) and non-time-series features (next chunk
sizes, buffer level, remaining chunks, last chunk bitrate),
which are incompatible with AIChronoLens. Other DRL
agents, such as [64], do not use historical measurements at
all, thereby making the use of AICHRONOLENS not feasible.

Our future work will be devoted to extend
AICHRONOLENS to tackle the case of multi-variate time
series, which, in turn, will allow to apply AICHRONOLENS
also for DRL.
Focus on Linear Correlations between G and L. The core
motivation for using the Pearson correlation coefficient in
AICHRONOLENS to provide an interpretable representation
of what a model learns from time series data encoded as
GAFs and is exemplified in Fig. 4. While a perfect model
would fully capture the patterns in the normalized ground
truth (represented as a heatmap), legacy XAI methods
like SHAP often provide only a coarse approximation.
AICHRONOLENS uses the Pearson correlation between the
GAF G and the legacy XAI relevance scores L to better
reflect the model’s actual learning, highlighting both learned
and, more specifically, unlearned patterns (i.e., points of
interest related to model errors). The Pearson coefficient is
effective because it measures the linear relationship between
the relevance scores and each row of the GAF, indicating
how each input value Xt relates to all others, thus revealing
linear dependencies like rises and falls in the time series.

Although other metrics like mutual information,
Kendall’s τ and Spearman’s ρ can capture non-linear depen-
dencies, they were ultimately less suitable for this specific
application. Kendall’s τ and Spearman’s ρ both measure
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Fig. 14. Predictor accuracy when using AICHRONOLENS C and SHAP L for meta-learning with different models and datasets. The dotted line is the
original accuracy of the forecasting model.

monotonic relationships and they would be appropriate if
the goal were specifically to assess rank-based associations
which is not the problem when observing G and L. In
contrast, mutual information is capable of detecting both
linear and non-linear relationships. Our preliminary analysis
produced results that were difficult to interpret in the context
of model learning and error identification vis-a-vis with the
Pearson correlation. For this reason, we chose to use for
AICHRONOLENS a linear metric like the Pearson correlation
coefficient. We reserve to our future work the in-depth
analysis of non-linear metrics.

7 RELATED WORK

Relevant to our work are studies on XAI techniques like visu-
alization tools, and XAI, and LSTM-based forecasting applied
to mobile networks. Despite promising, the application of
imaging techniques to time series like GAF has found limited
applicability in forecasting signal quality indicators [65].
XAI Visualization Tools. Visualization tools usually build
on top of the legacy XAI techniques and make it possible
to identify which part of the input was responsible for the
output of the prediction and track the associated hidden
state changes. TSViz [66] provides a 3D visualization tool for
convolutional deep learning models. Long-Short Term Mem-
ories (LSTM)-Vis [67] and Sequence to Sequence (Seq2Seq)-
Vis [68] are visualization tools that apply respectively to
LSTM and Seq2Seq models. Both tools are tailored to NLP
applications. Our work departs from the class of visualization
tools because AICHRONOLENS provides a way to quantify
the hidden relationships between explanations and the input.
XAI For Mobile Networks. Future 6G networks embrace
the vision for native, explainable network intelligence. A
seminal work [69] motivates the need for XAI and stresses
that the lack of explainability may lead to poor AI/ML model
design. This has been proved detrimental in the presence of
adversarial attacks [19]. All the areas where AI is applied
to mobile networking tasks can benefit from explainability.
These include the physical and MAC layer design, network
security mobility management, and localization [70]. One of
the shortcomings of the existing XAI tools is the lack of deep
relation between input data and the explanations [71]. While
the foundations of AICHRONOLENS lie in harnessing such
relationship, our work goes beyond [71] as (i) we formally
show that it exists an ambiguity as legacy XAI techniques
may assign the same relevance scores to diverse input
sequences, and (ii) we resolve such ambiguity and exploit
the richer expressiveness of the outputs of AICHRONOLENS

to better comprehend the LSTM operations and optimize
models performance.
Applications of Forecasting. The recent years have witnessed
a surge of interest in applying deep neural networks for
forecasting as they entail higher quality predictions than
other approaches like statistical models [72]. The predic-
tion of future traffic volumes forms the cornerstone of
several applications that include anomaly event detection [8],
scheduling of pilot signals for channel estimation [9], user
throughput [10], buffer status reports [12], and to infer PRB
utilization [13]. While all the above works rely on simple
LSTM models, the works [73], [74], [75] are more complex
ML architectures proposed with the unifying theme of better
exploiting temporal characteristics of the inputs.

8 CONCLUSIONS

In this paper, we have investigated the timely and chal-
lenging problem of improving the understanding of AI
models for time series forecasting like PatchTST, DLinear,
and LSTM. We perform a quantitative and qualitative study
that reveals the shortcomings of existing XAI techniques and
propose AICHRONOLENS, a first-of-its-kind tool in the area
of XAI. By linking the temporal characteristics of the input
with relevance scores produced by existing XAI techniques,
AICHRONOLENS can dive deep into the analysis of models’
behavior. Via extensive evaluations with real-world mobile
traffic traces, we show that AICHRONOLENS makes it
possible to spot different categories of model errors, trace
back the root causes, and possibly improve the poor model
design either with re-training or online with meta-learning.
Concerning re-training, a combined targeted data augmenta-
tion, and minor changes to the hyperparameters can improve
performance by 32%. Concerning meta-learning, feeding
AICHRONOLENS’s outputs to a ResNet model that predicts
the errors of the original time series forecasting and corrects
them can improve the average predictor’s performance by
up to 39%.
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