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Improving network performance and user experience by tuning network conigurations is crucial to cellular service providers

(CSPs). However, predicting the performance impacts of coniguration changes is non-trivial. The large scale, diversity and

complexity of coniguration parameters and base station deployments, and more importantly, the uncontrollable external

factors (e.g., weather, called latents), lead to confounding efects between conigurations and performance metrics. In this

paper, we show that the efects of latents can be properly mitigated by considering intermediates, called Mobility, Access,

and Traic (MAT) metrics, which separate the conigurations and latents from performance metrics. Then, we propose the

Coniguration Impact Prediction Analysis Toolkit (CIPAT), a novel two-stage toolkit, driven by a large real-world dataset

from live LTE and 5G networks. Our extensive evaluation shows that CIPAT enables network operators to conidently predict

the performance impact of candidate coniguration settings with an accuracy of up to 86% and an eicacy of up to 85%.

CCS Concepts: · Networks → Network performance modeling; Network management; Wireless access points, base

stations and infrastructure; · Computing methodologies→ Neural networks.

Additional Key Words and Phrases: network performance modeling, network management, machine learning applications

1 Introduction

In cellular network management, tuning coniguration parameters, such as signal power and handover thresholds,
is one of the key tasks in improving the service performance. This task has been consistently challenging across
diferent generations of cellular networks, from GSM (2G) to NR (5G), primarily due to the sheer number of
parameters involved and their complex interactions. Cellular Service Providers (CSPs) have invested signiicant
time and efort in searching for optimal conigurations to ensure the best service. For example, in mid-size cities
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Fig. 1. Impact of latent variables on throughput (KPI). (a) snowstorm and (b) holiday

in North America, on an average, thousands of tuning attempts are made every week [31]. However, it remains
nearly impossible to determine the performance impact of coniguration changes a priori. In other words, the
question faced by CSPsÐłHow will changes in coniguration parameters impact Key Performance Indicators
(KPIs)?žÐremains unanswered without deploying changes on the network.

In principle, predicting the impact of coniguration changes on KPI in such a complex inter-linked system
requires a detailed what-if analysis, i.e., evaluating the potential efects of changes before they are applied. In
addition to conigurations, existing work [25] points out that the KPI is also related to a set of relatively static
intrinsic attributes, such as morphology (urban/suburban/rural) and hardware. Hence, a naive approach could
leverage large amounts of data to train a regression model mapping conigurations and attributes to KPI. This is,
however, signiicantly diicult in practice because other than conigurations and attributes, the KPIs are also
impacted by external factors such as weather conditions or events inducing large-scale changes in user dynamics.
To illustrate, in Fig. 1, we show the impact of two diferent events, a snowstorm and a holiday break, on the
throughput of an LTE cell in two diferent cities. In both cases, although the coniguration parameters were not
tuned when the event occurred, we still observe signiicant changes in the trends. Without prior knowledge of
these events, i.e., purely based on the conigurations and the attributes, it would appear that drastically diferent
throughputs are observed for the same coniguration. Therefore, these external factors, called the latent variables,
bring challenges in accurately capturing the dependencies between conigurations and KPI.

Even after decades of research, the problem of predicting the efect of a change in coniguration parameter on
the KPI in the presence of latent variables remains unsolved and continues to pose new challenges (see Section
2). In this paper, we show that the efects of the latent variables can be properly mitigated by using observable
intermediate metrics, calledMobility, Access, and Traic (MAT) metrics. These MAT metrics which include various
network metrics such as average signal strength, traic volume, and handover metrics, are routinely captured by
CSPs as part of their daily operations. These MAT metrics have two important properties:

(a) The MAT metrics isolate both the conigurations and the latent variables from the KPI variables (see Fig.
2). In Fig. 1, the number of Radio Resource Control (RRC) connections and Downlink (DL) volume are two
examples of the MAT metrics. Irrespective of the event (snow, holiday), as long as such MAT metrics do
not change, the KPI does not change. As an example, while the efect of transmit power (a coniguration
parameter) on throughput (a KPI) is inluenced by snow, the relation between the Reference Signal Received
Power (RSRP, a MAT metric) and throughput is not inluenced by snow.

(b) The direction of the change (increase/decrease) in the MAT metrics can be predicted using the conigurations
even in the presence of the latent variables (see Section 7.2.1). For instance, increasing the transmission
power (a coniguration) will increase the average RSRP (a MAT metric), regardless of external events like a
snowstorm. Similarly, reducing the handover threshold (a coniguration) will increase the number of RRC
connections (a MAT metric), even if there is weather anomaly.
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Fig. 2. Dependency graph. (a) One-stage. (b) Two-stage.

We emphasize that the MAT metrics are not isolated from latent variables. In fact, they are strongly dependent
on them, but nevertheless, these metrics preserve the direction of change w.r.t. conigurations in the presence of
latent variables. This is a key observation that CSPs currently use while tuning the conigurations. We exploit it
for predicting the impact of coniguration changes on MAT metrics, and subsequently on KPI, in the presence of
latents.
Using the MAT metrics, we propose a two-stage toolkit called Coniguration Impact Prediction Analysis

Toolkit (CIPAT), which predicts the impact of coniguration change on KPI in a latent-resilient1 manner. The
irst stage of CIPAT predicts the direction (increase or decrease) of changes in the MAT metrics resulting from a
proposed coniguration change. Since the direction of change in MAT metrics is invariant to latent variables,
this prediction can be made reliably without knowing the latent variables. The second stage of CIPAT uses a
regression model to predict the change in KPI based on the potential values of MAT metrics. Since the impact of
latent variables on KPIs is mediated by the MAT metrics, the regression model can be constructed using historical
data without the knowledge of the latents and the coeicients of the model do not change with change in the
underlying latents. Finally, CIPAT compares the likelihoods of KPI improvement and degradation and ofers the
operators a recommendation or a warning about the potential impact of the coniguration change. Therefore,
CIPAT, to the best of our knowledge, is the irst latent-resilient toolkit to be able to reliably predict the impact of
a coniguration change on a live network, before deploying it on a live network.
Today, operators rely on their domain knowledge, experience, or engagement with equipment vendors to

identify candidates for experimenting with new conigurations on live networks, typically aiming to improve
several KPIs. However, interactions with operators reveal that often the expectations are not met due to various
external factors impacting the cellular network and only a small fraction of the changes are widely rolled out.
Additionally, during the trials, any negative impact on performance requires timely identiication and rollback.
This is where CIPAT comes in: We envision CIPAT to be used as a ilter by the network operators to proactively
reject experiments of new coniguration changes which could result in a KPI degradation.

CIPAT is driven by a large real-world dataset collected from a national CSP in the United States. It comprises
daily cell-wise records of conigurations, attributes, MAT metrics, and KPI measurements over the most recent
490 days from both LTE and 5G networks nationwide. Speciically, the LTE dataset is gathered from 1,525,404
cells, resulting in hundreds of millions of data points. The 5G dataset is gathered from 243,209 cells, resulting in
over a million data points.
Our contributions: (1) We conduct the irst-of-its-kind analysis of a large cellular network using a dataset

from a major CSP in the United States. We show for the irst time that the latent variables introduce challenges
in a direct one-stage prediction of KPI changes from coniguration changes. We then propose using intermediate
metrics called MAT metrics. Due to the consistent direction of change in MATs w.r.t. coniguration parameters in
the presence of latents, and by creating isolation between KPI and the latents, these MAT metrics can serve as a
bridge to measure the impact of conigurations on KPI.

1A latent-resilient predictor is one which does not change with the state of the latent variables changes. Such predictors are strongly desired for

various machine learning tasks, including causal inference and out-of-distribution generalization [2]. However, without strong assumptions

on the underlying model, it is hard to assert true invariance. Since we are not proposing a formal model, our claim is more limited. Namely,

our data analysis suggests that the two-stage pipeline mitigates the efects of latents, even if not truly invariant.

ACM Trans. Model. Perform. Eval. Comput. Syst.
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(2) We then propose CIPAT, a two-stage latent-invariant toolkit, to conduct what-if analysis for network
operators. In the irst stage of CIPAT, we use the state-of-the-art Feature Ordering by Conditional Independence
(FOCI) algorithm [4] ś a non-parametric feature selection algorithm ś to identify the key coniguration parameters.
We then determine the direction of the impact that these parameters have on MAT metrics. In the second stage,
we use regression models to predict the KPIs based on MAT metrics and attributes. Speciically, we design a
novel Deep Neural Network (DNN) that can learn the attribute-dependent relationships between KPIs and MAT
metrics.
(3) We present the beneits of CIPAT over the one-stage framework. We use both frameworks to predict the

direction of the impact of throughput across multiple markets through a retrospective analysis. This involves
studying past network coniguration changes that lead to signiicant throughput variations, including instances
that trigger rollbacks. Table 6 shows that CIPAT can detect coniguration changes resulting in degradation with
70-85% accuracy and 78-86% eicacy, much higher than the accuracy (56-88%) and eicacy (52-78%) of one-stage
models. Furthermore, CIPAT also shows a much higher eicacy (76-95%) in predicting the impact of untested
coniguration changes compared to the eicacy (51-75%) of the one-stage model.

2 Related work

2.1 Network planning and analysis

There is a rich literature focused on multidimensional aspects of network planning and analysis, such as detecting
the performance change in the cellular network due to upgrades, coniguration tuning, andminimizing the network
outage [1, 5, 9, 11, 17, 22, 26, 27, 29, 36, 42ś44, 46, 47]. Existing works in cellular coniguration management focus
on automating coniguration tuning. Driven by a synthetic dataset, EXPLORA [12] enhances the explainability
of Deep Reinforcement Learning (DRL)-driven control actions in Open RAN. Notably, CSPs are cautious about
letting Artiicial Intelligence (AI) directly take over the operation given the direct impact on customers and
the practicality of decisions made by such AI agents [16]. Auric [28] recommends conigurations based on the
conformity to neighboring cell settings, while Aurora [25] is built on the top of Auric, enhancing recommendation
quality by adding the conformity to łLMRD parametersž (a subset of the union of attributes and quantized MAT
metrics) and performance-based iltering. Chroma [16] further correlates the impact of coniguration change with
łLMRD parametersž through rule learners, and hence recommends coniguration changes that may potentially
improve the performance. However, they regard someMATmetrics as relatively stable, which does not necessarily
hold. Furthermore, none of these studies attempts to predict the performance impact. Only a few studies have
attempted to predict the potential KPI impact [13] and the studies in the context of cellular networks typically
use a limited set of conigurations [40]. Moreover, none of these studies account for the impact of latent variables
on KPIs or on the relationship between conigurations and KPIs.
Our previous works [31, 32] are the irst to analyze the impact on KPIs based on the observable parameters

(conigurations, attributes, and MAT) after accounting for external factors. In [32], we show that MAT metrics
are superior to coniguration parameters as KPI predictors amid latents. In [31], we introduce the initial concepts
of the proposed toolkit CIPAT, detailing its construction and performance. In this paper, we expand them by
ofering data-driven case studies on CIPAT’s foundational assumptions, highlighting its advantages, detailing
construction stages with examples, and showcasing its operation in iltering the real-world coniguration change
on a live network.

2.2 Causal analysis in networks

To conduct a what-if analysis on a system requires conducting controlled experiments (aka interventions [33]) to
avoid confounding where two variables appear to be correlated, but the correlation is actually due to the inluence
of a third variable. Without experiments, i.e., purely from the datasets, confounding efects can be avoided by
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inding and łconditioningž on a valid adjustment set in the dependency graph, efectively separating the inluence
of the rest of the variables from the target variable. This allows inferring the łtruež efect of one variable on the
other. If the dependency graph is fully known, we can ind a valid adjustment and conduct a what-if analysis
using only the dataset. These ideas lie at the core of causal inference [33, 35].
Many recent studies have focused on conducting a what-if analysis to determine the cause of failures or key

parameters for optimizations in systems with unknown dependency graphs [15, 19, 23, 24, 37, 45]. They provide
algorithms to eiciently search over possible causal graphical models. However, these studies are typically limited
to settings where all relevant variables that could impact the performance of the network can be measured in the
data.

The problem becomes more complex when the latent variables are present in the dependency graph [10, 38, 41].
Particularly, conducting a what-if analysis in a setting such as ours ś where the underlying latent variables’
characteristics and distributions can change over time ś is still open after decades of research. If the latent
variables had a ixed distribution, then alternate (but computationally intensive due to oracle access to Conditional
Independence tests [6, 49]) approaches include [20, 34]. Furthermore, if bounds on the sensitivity of latent efects
on treatment/outcomes were known, other approaches include [39, 48]. However, we are in a setting where
neither of these hold ś the latents are of vastly diferent types and not modeled by a single time-invariant
distribution, and it is not clear how to pre-specify universal bounds on latent efects. Instead, our work leverages
MAT metrics as mediators to mitigate the biases induced by latent variables. Diferent from the standard usage of
mediators which involves estimating an end-to-end treatment efect (e.g., front-door adjustment [33]), we focus
solely on estimating the direction of change in the irst stage due to the speciic properties of the MAT metrics as
discussed above.

3 The dataset

3.1 Collection, organization, and notation

A national cellular network is partitioned into multiple regions, which are further partitioned into market clusters
and markets. Each market, consisting of the base stations (BS; called eNodeB in LTE and gNodeB in 5G networks),
is managed by a team of network engineers [28]. A BS has multiple faces that divide the space into diferent
sectors. Each face operates multiple cells, potentially on diferent frequency bands, as well as over diferent
technologies. A cell is the basic functional unit of a cellular network. As we mentioned in Section 1, we collect
the daily snapshots of network data inventory from a national CSP in the US during the past 20 months. The data
collected from each cell has 4 categories:

ACM Trans. Model. Perform. Eval. Comput. Syst.
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Attribute Type Example values Attribute Type Example values

Region Static East, West Morphology Static Rural, Suburban, Urban, Dense Urban

Markets Static
LTE: 4 Market: NYC Manhattan, NYC East,

AR, NM; 5G: Markets in NY, CA TX
Frequency
Bands

Static
LTE: LTE-A < LTE-B < LTE-C < LTE-D < LTE-E;

5G: NR-A < NR-B < NR-C (mmWave)

Bandwidth Static 5, 10, 15, 20 MHz eNodeB Type Static Macro, Micro, Pico, iDAS, oDAS

Hardware Static
LTE: HW_V1, 2, 3, 4, 5, 6(.1,2,3), 7(.1,2,3,4,5)
5G: HW_V1 (.1,2,· · · ,13), 2, 3(.1,2), 4(.1,2)

Software Dynamic
LTE: SW_V1, 2(.1,2,3), 3, 4

5G: SW_V1, 2(.1,2), 3(.1,2), 4, 5

DL MIMO Mode Dynamic Single Stream, Closed Loop MIMO Tower Height Static Very Low, Low, Medium, High, Very High

Table 1. Atribute list of LTE and 5G datasets

(1) Cell attributes, such as BS type (e.g., macro, pico), hardware, frequency, bandwidth, and morphology, deine
the operating characteristics of a cell. A list of attributes and their example values are listed in Table 1. The set of
attributes is denoted by A. The attribute values, indexed by date and cell, are denoted by matrix A.

(2) Conigurations of each cell such as transmitted power, antenna tilt angle, and handover thresholds are tuned
by the network operators. The set of all coniguration parameters (318 of them) is denoted by C. The values of
coniguration parameters, indexed by date and cell, are denoted by the matrix C.

(3) MAT metrics are monitored by CSPs for each cell every 15 minutes, then aggregated daily. They measure (i)
User Equipments (UE) Mobility-related metrics such as UE distance and speed distributions, attempted number of
Handover (HO) and success rates; (ii) Cell Access-related metrics such as average signal strength measurements;
and (iii) Traic metrics such as data volume, cell utilization and the number of UE connected to the cell. We
consider a comprehensive set of 56 MAT metrics, denoted byM. The values of MAT metrics, indexed by date
and cell, is denoted by the matrixM. A sample list of MAT metrics is given in Appendix A. We identify these
MAT metrics by irst listing commonly used metrics captured by CSPs in their day-to-day operations. We then
ilter the metrics using the Conditional Dependence Coeicient (CODEC) score [4] to remove the redundant
metrics that have the least impact on KPI. Finally, through extensive discussions with CSPs, we select a subset of
these metrics which indicates the latent-resilient direction of change w.r.t. conigurations. While we believe the
chosen MAT metrics cover a wide range of metrics, we recognize that these metrics may not be exhaustive and
can be extended in future work.

(4)Key Performance Indicators (KPI) such as average per-user throughput, call retainability, and call accessibility2

measure the quality of service experienced by the users. They are also monitored by the CSP for each cell every
15 minutes and then aggregated daily. The set of KPI is denoted by Y. The values of KPI, indexed by date and
cell, are denoted by the matrix Y.

Notably, the dataset does not contain latent variables, such as weather history, network disruption, or large-scale
external events (e.g., sports) which can signiicantly afect KPI.
Notations: We denote a matrix of parameter set A by A, its rows, indexed by � , by bold small letters a�
and columns, indexed by � ∈ A, by A� . We denote the unique values of parameter set A, by U(A). Finally,
���(A) : R�×� → {−1, 0, 1}�×� denotes the element-wise sign function.

3.2 Derived features and latent variables

As discussed earlier, KPIs are not solely dependent on coniguration parameters but are also inluenced by various
external factors such as weather conditions and large-scale events, and even the day of the week, which can
signiicantly alter population mobility patterns. Among these external factors, it is easy to account for periodic
variables such as the day of the week by explicitly adding them to the dataset. We refer to these as derived features.

However, exhaustively logging all events and quantifying their efects are diicult, if not impossible, tasks.
We denote these unobserved external factors that can afect KPIs as latent variables in the dependency graph
in Fig. 2. Without the data on latent variables, it is impossible to accurately model KPIs based on coniguration

2In this context, accessibility denotes the network’s ability to promptly provide resources for a UE, while retainability signiies the successful

transition of a UE from one cell to another without dropping the connection.
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configuration changes.

parameters, as any change in KPIs could be attributed to either changes in the coniguration or the occurrence of
such events. Additionally, conducting a controlled experiment on a national cellular network to assess the impact
of coniguration on KPIs is not practical due to the risk of afecting service quality for the users.

Therefore, we propose a two-stage framework CIPAT to predict the impact of coniguration changes on KPIs
without needing information on latents or conducting any controlled experiment.

4 CIPAT: design and operation

We present CIPAT, a novel two-stage toolkit designed for network operators to proactively determine the
performance impact of coniguration changes.
As shown in Fig. 4, When the operator wants to know the performance impact due to a change in a speciic

coniguration parameter (e.g., increasing the transmission power pMax) on a cell with attribute values a, CIPAT
follows the following steps:
Stage 1: Coniguration to MAT metrics. (1) First, CIPAT lists the MAT metrics known to be impacted by

the chosen coniguration parameter in cells with the attribute a. This list can be calculated in advance from the
dataset using FOCI algorithm [4] (see Section 5.3). (2) Next, CIPAT identiies the direction of change in each of
the MAT metrics due to the coniguration change. This direction of change in MAT metrics can be estimated
from the dataset without the knowledge of latent variables due to their resilience against underlying latents
(see Section 5.4). The directions associated with each MAT metric present an orthant with the origin at current
values of MAT metrics. Each point in the orthant denotes a possible value of the MAT metrics after the proposed
coniguration change.

Stage 2: MAT metrics to KPI. The second stage of CIPAT uses a pre-trained regression model (see Section 6)
that maps (MAT, attributes)→ (KPI). Then, the operators can use the model to predict KPI for diferent values
of MAT metrics in the orthant and manually explore the trade-of between potential values of MATs (traic,

ACM Trans. Model. Perform. Eval. Comput. Syst.
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coverage metrics) and KPI inluenced by the proposed coniguration change. The operators can also automatically
estimate the potential value of the KPI at a large number of uniformly sampled points in the orthant. Depending
on the volume of the orthant that predicts an increment/decrement in the KPI, the operators can decide whether
to implement the proposed coniguration change on the network.
The proposed two-stage process has additional beneits. First, instead of constructing the irst stage solely

from the dataset, we can also leverage domain-speciic insights from the network operators. This modularity
allows us to use both data-driven and domain-speciic insights to predict the efect of a coniguration change.
This further enables the exploration of conigurations that were under-tested but have the potential to have a
signiicant boost.

Second, the two-stage process enhances the explainability of predictions. Even when a direct map of conigu-
rations to KPI was possible, it would have obscure important insights, while the two-stage method provides a
mechanism to measure and predict the efect through the MAT metrics.
It is important to note that due to the presence of latents, we cannot predict the magnitude of the change

in MAT metrics, which in turn prevents us from predicting the exact change in KPI. Instead, we are limited in
estimating the direction of the change in MAT metrics and can only ind the possible values of KPI for diferent
values of MATs (can be explored by the operator or sampled from the joint empirical distribution of MAT metrics).
This inability to map the coniguration change to the KPI change can be considered the cost of the latents.

Note that CIPAT can be used to predict the impact of conigurations on various cell-level KPIs, including
but not limited to throughput, accessibility, and retainability. For the sake of brevity and focused analysis, our
subsequent discussion predominantly centers on throughput as the selected KPI. In the subsequent sections
5 and 6, we describe the construction of each stage of CIPAT from the dataset. In Section 7, we validate three
key properties of the MAT metrics that allows the construction of CIPAT. Finally, in Section 8, we provide the
performance analysis of CIPAT.
One-stage alternatives for KPI prediction and justiication for two-stage architecture. A one-stage

model directly mapping (attributes, conigurations, MAT metrics)→ (the value of KPI) cannot be used to asses
the impact of coniguration changes on KPIs. This is because coniguration changes afect MAT metrics, and the
new values of MAT metrics after the coniguration changes cannot be predicted due to unknown latent variables.
Consequently, MAT metrics after the coniguration changes are not available as input for such a one-stage KPI
prediction model.
This fundamental limitation of the one-stage model motivates the two-stage architecture of CIPAT. The irst

stage of CIPAT models the impact of coniguration changes on the direction of changes in the MAT metrics, a
relationship known to be latent-resilient. The second stage then predicts KPIs based on the possible values of the
MAT metrics after these coniguration changes.

Alternatively, one could train a one-stage model mapping (attributes, conigurations) → (KPI) using historical
data. The hope for such model is that it implicitly generates rough estimates of MAT metrics by averaging
over latents across many environments, which would then predict KPI. However, the predictions from such a
single-stage model are only meaningful if the efects of latents are negligible. As we demonstrate in Section 7,
this one-stage model performs poorly in our experiments, strongly indicating the non-negligible presence of
latents in the dataset.
Finally, one could also envision a one-stage model mapping (attributes, current MAT metrics, coniguration

changes)→ (direction of change in KPI). Training such a model, however, requires a dataset containing numerous
coniguration-change events for diverse values of coniguration changes andMATmetrics, and their corresponding
efects on KPI. In operational networks, coniguration changes are infrequent compared to daily MAT/KPI
logs, making such comprehensive data collection impossible without controlled experiments. Consequently,
a uniied model would sufer from severe data sparsity and poor generalization to unseen MAT metrics or
novel coniguration changes. CIPAT’s two-stage design mitigates this issue by decoupling the learning tasks:
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Stage 1 uses sparse coniguration-change data to learn the direction of changes in MAT metrics, while Stage 2
leverages abundant MAT/KPI data to model KPI relationships. This decomposition makes the problem tractable
and improves robustness to latent variables.

5 Constructing Stage 1: Configurations to MAT

In this section, we present the construction of the irst stage of CIPAT: determining the relationship between
conigurations and MAT metrics from the dataset. In the following, we irst outline the process of determining
key coniguration parameters for each MAT metric and describe the procedure for identifying the direction of
change of MATs w.r.t. changes in conigurations.

5.1 Mathematical setup.

We use CODEC [4] to statistically measure the conditional dependency between features (attribute or conig-
uration) and the target variables (MAT metric or KPI). In the following, we irst describe the CODEC statistic,
followed by a greedy feature selection algorithm based on CODEC statistic.

AMeasure of Conditional Dependence: Let the target variable and twomutually exclusive sets of features be
denoted by � and �,� . Then, the metric� (�, � |�), which measures the dependency between � and � conditioned
� , can be deined as follows [4]:

� (�, � |�) =

∫

E(Var(P(� ≥ � |�,�) |�))�� (�)
∫

E(Var(1{� ≥ �}|�))�� (�)
. (1)

The quantity � can be interpreted as a generalization of the partial �2 statistic that measures the proportion
of variation in � that is explained by feature set (�,�) but cannot be solely explained by the feature set � [4].
Without loss of generality, we use the notation � (�, �) to denote the measure of the łunconditional dependencež
between the target � and the feature set � .
From a statistical perspective, � (�, � |�) represents a theoretical limit on how well a regression model can

predict � based on � , for a given � . If � (�, � |�) is reasonably high, then a good function approximator (such as a
neural network) can ind a function of � (for each value of �) with a low prediction error. If � (�, � |�) is small,
the variability of � cannot be captured adequately by a function of � alone (for any values of �), thus, training a
neural network is a futile exercise.
Estimating the quantity � with potentially continuous features in �,� is computationally heavy. Thus, [4]

proposes a consistent estimator of � , called CODEC statistic �̃ , that can be calculated from the dataset in
� (� log�) time-complexity where � denotes the number of samples in the dataset. For the complete procedure of
calculating CODEC statistic, please refer to [4]. Note that there are a number of statistics that provide measures
of conditional dependence between features and target variables [7, 21]. We use CODEC because it is a non-
parametric, model-free statistic that does not require assumptions on the joint distribution of (�, �,�). These
beneits allow us to eiciently estimate conditional dependence in our large heterogeneous dataset containing
discrete, continuous and categorical features. We present the diference between high and low-CODEC score
between input features (i.e., conigurations) and output (i.e., MAT metrics) in Section 5.2.
FOCI for Feature Selection: Feature Ordering by Conditional Independence (FOCI) [4] is a greedy approach

for selection of the features based on CODEC statistic �̃ . Speciically, it greedily collects features, one in each
iteration, such that the CODEC score between collected features and the target is maximized. An outline of FOCI
algorithm from [4] is reproduced in Algorithm 1.

5.2 Visualizing high and low impact configurations

We can visualize the CODEC score by contrasting the impact of two sets of coniguration parameters on MAT
metrics: those with high CODEC scores and those with low CODEC scores. Since the attribute values (e.g.,
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Algorithm 1 FOCI algorithm (reproduced from [4])

1: Input: Dataset containing target � and feature set F .

2: Let � = |F |. Choose �1 = argmax
�∈F �̃� (�,�) and deine G = {�1}

3: for � = 2, ..., � do

4: �� = argmax
�∈F\G �̃� (�, {�} ∪ G)

5: if �̃� (�, {�� } ∪ G) ≤ �̃� (�,G) then

6: break

7: G = G ∪ {�� }

8: Output: A set G =

{

�1, ...,� | G |

}

.

Morphology
eNodeB

Type
Hardware

Tower

Height
Bandwidth

Frequency

Band
Market Software

Attribute Values �1 Suburban
Macro HW V1

Very High
10MHz

LTE-A Arizona
SW V1Attribute Values �2 Urban Very High LTE-B NYC East

Attribute Values �3 Suburban Medium LTE-A NYC West

Table 2. Atribute values �1, �2, �3

markets or hardware) can afect the relation between the conigurations and MAT metrics, we condition the
dataset to select only those cells with speciied attribute values given in Table 23.
For the cells with each of the Attribute values: A = �1 (see Table 2), we calculate the corresponding CODEC

scores �̃(A=�1 ) (�,�) between a MAT metric � and a coniguration parameter �,∀� ∈ C. We then sort to ind
the coniguration parameters with the top-3 and bottom-3 CODEC scores, denoted by C+

�
, C−

�
, respectively. For

instance, with the number of RRC connections as the MAT metric and A = �1, the top-3 and bottom-3 conigu-
ration parameters are C+

�
= (SnonIntrSearch, ThreshSrvLow, qRxLevMin) and C−

�
= (AdministrativeState,

ActPDCCHLoadGen,DlInterferenceEnable).
For a given MAT metric (and conditioned attribute values), a parameter that is among the ‘top-3’ will inluence

the MAT metric the strongest (and analogously the weakest for ‘bottom-3’). We illustrate this in Fig. 5 generated
by the following procedure: We consider top-3 coniguration parameters for the number of RRC connections
(a MAT metric) when conditioned on attribute values �1 ś (SnonIntrSearch, ThreshSrvLow, qRxLevMin). We
then calculate the expected value of the number of RRC connections conditioned on SnonIntrSearch = �1,
ThreshSrvLow = �2 and qRxLevMin = �3, where �1 ∈ {0, ..., 9}, �2 ∈ {0, ..., 7}, �3 ∈ {0, ..., 3} are the possible values
of the coniguration parameters4. Then, in Fig. 5(a) (left), we plot the expected value of the number of RRC
connections, conditioned on the coniguration parameters having the values (�1, �2, �3) indexed by � ∈ {0, ..., 14}5.
A similar procedure is followed for bottom-3 coniguration parameters, and the expected values are plotted
in Fig. 5(a) (right). From Fig. 5, we can visualize the intuition behind the CODEC score: the MAT metrics are
more sensitive to the values of the coniguration parameters with higher CODEC scores than those with lower
CODEC scores. Similar results can be observed in Fig. 5 when considering average RSRP as the MAT metric and
considering the attribute values �2 and �3 deined in Table 2.

5.3 List of influential configurations.

Using the CODEC score, we now identify the most inluential coniguration parameters for a MAT metric on cells
with attributes A, by irst selecting a conditional dataset given the attributes A. Then we run FOCI algorithm [4]

3Recall that the attributes do not have any parent nodes in the dependency graph, which allows conditioning the dataset on their attribute

values without altering the graph dependencies (in efect, conditioning is equivalent to ‘do-ing’ an intervention in this case) [33].
4Ranges are normalized and discretized for the purpose of the illustration.
5Not all combinations of triplets exist in the dataset.
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Fig. 5. Conditional mean of MAT metrics against the values of the configuration parameters with top-3 and botom-3 CODEC

values for atribute value A = �� , � = 1, 2, 3

with a MAT metric� as a target and the coniguration set C as the feature set. The FOCI algorithm iteratively
collects the conigurations in a way that maximizes CODEC score between the collected conigurations and the
MAT metric.
For example, Fig. 6 shows the important conigurations identiied by FOCI for the number of connections

into a cell using the target variables: (a) number of RRC connections in LTE network and (b) number of
UEs connections in 5G network. Speciically, we show collected conigurations by FOCI at each iteration and
associated cumulative CODEC score. The algorithm correctly identiies some of the most prominent conigurations
parameters. For instance, conigurations related to cell coverage such as transmitted power (pMax) and antenna
tilt (Angle), as well as handover-related conigurations (InterFreqThr, qRxLevMin-InterFreq in LTE and A1,

A2, A3, A5 parameters in 5G) are among the most impactful conigurations in networks. Furthermore, PHY layer
parameters such as reference signal boost (DlRsBoost), and load balancing-related parameters (IdleLBCapThresh,
PDCCHLoadLevel in LTE and MaxNumOfUsersNRCell in 5G) also impact the number of connections to a cell.
Finally, derived periodic features such as day of theweek also have signiicant impact on the number of connections.
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Fig. 6. Configurations identified by FOCI for # RRC connection setups in (a) LTE and (b) 5G network

We shared these results with the network operations teams, and conirmed that this aligns with their expectations
and practices.
We note that the achieved CODEC scores in Fig. 6 are 0.15 for 5G and 0.75 for LTE, which falls short of the

maximum possible value of 1, which means that there exists variability in MAT metric that is not explained by
the conigurations. This re-emphasizes that the latent variables have a signiicant impact on the MAT metrics.
Thus, it may be hard to precisely predict the value of the MAT metrics, purely based on coniguration parameters.
However, in the next section, we show that the direction of the change in MAT metric due to the change in the
coniguration parameter can be predicted with suicient accuracy.

5.4 Identifying the direction of change

Upon identifying the prominent inluencers of all MAT metrics, we now determine if those conigurations and
MAT metrics change in the same direction (both increases or decreases together), or in opposite directions ś
increasing (or decreasing) coniguration value decreases (or increases) the MAT metric. We irst outline the
dataset processing steps to identify the changes in conigurations and associated changes in MAT metrics. Then,
we describe the method for determining the direction of the change for each coniguration-MAT metric pair with
a ixed attribute value.
Data processing. We use daily snapshots of conigurations, and computed the diferences between the

consecutive dates. We deine a coniguration change matrix ΔC, where ΔC(�, �) represents the change in the
coniguration � in the �-th coniguration change event (where � indexes the date and cell of this event). Given
the coniguration change matrix, the next step is to identify the direction of change (increase/decrease) in MAT
metrics due for each coniguration change. To do this, we compare the 7-day median value of MAT metrics
before and after the change. Furthermore, we say that the MAT metric is unafected by the change, if the relative
change in the median before and after the coniguration change is within a 3% margin. This allows us to avoid
considering regular luctuations in the MAT metric as a signiicant change. We denote the MAT change matrix
by ΔM, where ΔM(�,�) ∈ {+1,−1, 0} denotes the direction of the change in MAT metric� associated with �-th
event.
Determining the attribute-wise direction of change. Finally, we estimate the direction of the change in

MAT metric due to the change in the coniguration parameter. We observe that the direction of change depends
on the attribute of the cell. For instance, the tilt angle (a coniguration) is a key inluencer of the number of RRC
connections (a MAT metric) in LTE network (as shown in Fig. 6). However, its impact on the RRC connection
can vary depending on the morphology ś rural sites might see increased connections with increasing tilt angle
due to improved coverage, while urban sites might not have any efect of increasing tilt angle [16]. Hence, it
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is essential to identify the direction of change as a function of attributes. In Section 8.4.2, we discuss the most
relevant attributes that characterize the direction of change of diferent coniguration-MAT pairs.

Following the above discussion, we measure the direction of change for each attribute value. We irst partition
the dataset by the attribute values of each cell associated with each coniguration change event. Let a ∈ U(A)

denote an attribute value. Then for each data partition, we consider the associated subsets of ΔC and ΔM, denoted
by ΔCa and ΔMa.

Moreover, several conigurations may be adjusted simultaneously in practice [16]. To diferentiate the efects
of each individual coniguration on MAT metrics, we use a linear model between ΔCa → ΔMa. Although the
relationship between them may not be linear and may not be latent-resilient, our goal is only to identify the
direction of this relationship (same or opposite); hence, only the signs of the weights of the linear model suice.

Formally, let the weight matrixWa such that an element of the matrix, denoted asWa (�,�), deines the impact
of a coniguration � on the MAT metric� for a given attribute value. Then,

W∗
a = ���

(

argmin
� ∈R|C|×|M|

∥ΔCa� − ΔMa∥2

)

. (2)

Here,W∗
a (�,�) provides the relative direction of the change of the coniguration-MAT metric pair for a given

attribute values a.

6 Constructing Stage 2: Predicting KPI from MAT

The Stage 2 of CIPAT maps the MAT metrics and attributes to KPI. Given that the impact of latents on KPI is
signiicantly reduced due to the introduction of MAT metrics, we can train regression models to determine the
relationship between attributes, MAT metrics and KPI. In this section, we discuss the design of the DNN model
and training methodology used in CIPAT.

6.1 Design of DNN

Our DNN design is based on an observation that the relationship between MAT metrics and KPI varies across
diferent network attributes. To achieve this, we use a shared representation for generalization and tunable heads
tailored to speciic attribute values. Speciically, the model takes MAT metrics M and attributes A as inputs
and further categorizes attributes into two groups: mask attributes and feature attributes. Mask attributes deine
distinct relationships between KPI and MAT, necessitating separate model components. Feature attributes have a
lesser impact and are treated as features. This classiication is determined heuristically.
Mask attributes are one-hot encoded, and their combined representation is generated using the Kronecker

product of their encodings, serving as a mask selector. The main branch processes MAT metrics and one-hot
encoded feature attributes, consisting of 10 fully connected layers with leaky ReLU activations. The irst 7
layers form the shared representation, which then branches into sub-networks for each mask attribute value.
Each sub-network includes 2 hidden layers and an output layer, with the inal output selected via the mask
selector. Backpropagation collectively updates the shared representation weights and independently updates the
corresponding sub-network weights. The DNN structure is illustrated in Fig. 7.

6.2 Training methodology.

We use two loss functions in training. Let y, ŷ denote the true KPI and predicted KPI respectively. First, we use
Mean Square Error (MSE) loss given by MSE(y, ŷ) = | |y − ŷ| |2.

Second, we use the Wasserstein distance as a loss to ensure that the predicted KPI conforms to the distribution
of the ground truth [3, 8, 14, 30]. The Wasserstein loss is calculated as follows: Let � (� ) denote �-th sample

after sorting the vector y. Then, W1 (y, ŷ) =
1
�

∑

�

�=1 |� (� ) − �̂ (� ) |. Jointly, the training loss function is given by
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Fig. 7. A schematic of the proposed DNN

L(y, ŷ) =MSE(y, ŷ) + �W1 (y, ŷ), where we empirically choose � = 0.5. Finally, we use a standard MSE loss for
evaluation of the regression model.

We choose 5 × 10−4 as the initial learning rate. To accelerate and smoothen the training process, we decrease
the learning rate by a factor of 0.9 after the validation loss remains roughly unchanged for 5 consecutive epochs.
We use the batch size of 256 data samples.

7 Validating key premises of CIPAT

Recall that there are three key pieces of information about MAT metrics used in CIPAT: (a) MAT metrics encode
the latent variables, thus are better predictors of KPI. (b) The direction of change in MAT metrics w.r.t. the changes
in coniguration remains largely independent of the latents. (c) The relationship between MAT metrics and KPI
also have minimal dependence on the latents. We validate each claim in the following sections.

7.1 Existence of latents and KPI prediction

One of the premises of our proposed two-stage framework is the fact that the one-stage map (coniguration,
attributes) ↦→ (KPI) is not adequate at predicting KPI due to existence of latent variables. In this part, we validate
this fact (1) statistically using CODEC score and (2) experimentally using DNN.

7.1.1 CODEC-based validation. In this case study, we statistically show that MAT metrics are better predictors
of KPI compared to conigurations. Speciically, for both LTE and 5G datasets, we consider each KPI as a target
variable � , and measure the degree of dependence (conditioned on attributes) between KPI and:

(1) conigurations, i.e., � = C and � =A.
(2) MAT metrics, i.e., � =M and � =A.

Table 3 shows the estimated CODEC values. We observe that when the set � includes MAT metrics, the estimated
CODEC values are higher compared to when set � only includes conigurations. This means that MAT metrics
encode more information about KPI by encoding the latent variables which coniguration parameters cannot (see
Fig. 2). Therefore, we can conclude that MAT metrics can better predict KPIs compared to conigurations.
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LTE KPI �
Conigura-

tion � = C

MAT

� =M
NR KPI �

Conigura-

tion � = C

MAT

� =M

DL Throughput 0.2323 0.6176 DL Throughput 0.0959 0.6641

Retainability 0.2999 0.4093 Retainability 0.0512 0.4613

Table 3. CODEC score �̃ (�, � |A).

7.1.2 DNN-based validation. In this case study, we empirically validate that MAT metrics are better predictors of
KPI compared to conigurations. We consider the LTE dataset, and use a set of all coniguration and DL throughput
(as a KPI) for all date and cell combinations, excluding any conigurations that remain constant throughout the
dataset. For the one-stage prediction, we employ a neural network similar to the one described in Section 6.1, but
with 152 neurons per layer to accommodate increased number of inputs (number of conigurations > number of
MAT metrics). The market, morphology and tower height are designated as mask attributes, while hardware,
software, enodeB type, frequency, MIMO mode and weekdays are considered as feature attributes. The model is
trained using the same methodology as outlined in Section 6.2. The achieved MSE of One-stage (Conigurations
to KPI) model is 0.00638, while the MSE of Two-stage (MAT metrics to KPI) model is 0.00197 (see Table 4).
Evidently using MAT metrics and attributes yields improved DL throughput.

Takeaway. Higher CODEC score and lower prediction error using DNN model validate the fact that MAT metrics

are better predictors of KPI than conigurations.

7.2 Impact of latents

7.2.1 On the directions of changes in MAT metrics. Operators use prior knowledge about the directions of change
(increase/decrease) in various metrics when making changes to a well-explored coniguration, which subsequently
provides the basis for the prediction in the direction of KPI change. The direction of change in many of these
metrics generally does not depend on the underlying latents. We designate such metrics as MAT metrics. In this
part, we give data-driven case studies of a few MAT metrics and show that the change in MAT metrics w.r.t.
coniguration changes is consistent considering tourism and foliage as latent variables.
Case Study 1.1: Tourism: We study a market of a tourism destination that has high traic volume and user
activity during the peak tourism season, but these activities signiicantly drop in the of season. We use the LTE
dataset of this market, with attributes, conigurations and two MAT metrics ś the number of RRC connections
and the average RSRP. We split the dataset into two partitions, one containing data from the peak tourism season
and the other from the low tourism season. For each partition, we follow the process described in Section 5 for
both MAT metrics: Determine the direction of change in the MAT due to changes in the key conigurations
impacting the MAT metrics. To measure ‘similarity’ between the seasons, we calculate the fraction of attribute
values for which the estimated directions of change associated with a coniguration were similar.

We ind that for the number of RRC connections, the direction of change due to the change in the transmission
power remains consistent across both seasons for 80% of attribute values. Similarly, in the case of average RSRP
as the MAT metric, this metric reaches 90%. This validates the idea that the direction of change in the MAT metric
due to a coniguration change is consistent regardless of the change in the underlying latent variable.
Case Study 1.2: Foliage:We perform a similar study using the dataset from a market where there is a noticeable
diference in foliage between summer and winter seasons. The presence/absence of leaves on trees signiicantly
alters the propagation environment; furthermore, the exact date of foliage loss is highly location speciic, and
thus is hard to explicitly account for without considerable efort. Thus, considering ‘foliage’ as a latent variable,
we use two subsets of LTE dataset of the market: One from summer during the peak vegetation, and second from
winter after the fall season.
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Similar to the previous study, we ind that for both the number of RRC sessions and the average RSRP, the
direction of change associated with the change in the transmission power remains the same across both seasons
for 90% of all attribute values.

Takeaway. Existing heuristics used by the operators for coniguration tuning assume that the directions of change

in MAT metrics w.r.t. coniguration changes do not depend on the underlying latents. We validate this by taking

examples of two known latents and their changes and show that the direction of change in the MAT metric due to a

coniguration change remains consistent even with the change in the underlying latent variables.

7.2.2 On MAT - KPI relationship. We now do similar case studies to illustrate that the relationship between MAT
and KPI is robust to changes in the latents.
Case Study 2.1: Tourism: Similar to the case study 1.1, we study the tourism-dependent market and consider the
‘tourism activity’ as the latent. Our observation is that a predictor of KPI trained on attributes and MAT metrics
from the peak tourism season data can accurately predict KPI for the other season and vice versa, indicating the
relationship between MAT and KPI is approximately invariant to this latent.

We use the LTE dataset of attributes, MAT metrics and DL throughput (a KPI) of all cells in the market and split
it into two partitions: the dataset D1 corresponding to the peak tourism season, and the dataset D2 associated
with the rest of the period. We then train two neural networks N1,N2 using the training partitions of D1,D2,
respectively. This results in each network being accurate predictors of KPI (achieved MSE ∼ 0.0015) during their
respective two seasons (the network is similar to the DNN in Section 6).

Now, to verify the łsimilarityž in the regression models, we calculate the sample-wise Normalized MSE (MSE)
metric as follows: Let x ∈ D denote one sample of attributes and MAT metrics from a dataset D. Then,

NMSE = Ex∈D1∪D2

[

(N1 (x) − N2 (x))
2

(N1 (x) + N2 (x))/2

]

. (3)

This metric measures the sample-wise similarity in the predictions made by two separately trained neural networks,
and is empirically computed using holdout data (meaning data not used for training). For this case study, the
measured NMSE is 0.0001 (0.01% prediction diference), thus showing that both neural networks can accurately
predict the samples from the alternate dataset.
Case Study 2.2: Foliage: We consider the same market used in the study 1.2, which observes signiicant foliage.
We consider the ‘foliage’ as a latent variable and use two subsets of the dataset: irst from summer during the peak
vegetation, and second from winter in the considered markets. Similar to the study 2.1, we train two predictors
based on attributes and MAT metrics using these two diferent datasets, achieving MSE ∼0.002 and resulting in
accurate predictors of KPI. We then compute NMSE (3) and found it to be 0.0002 (or 0.02% prediction diference).

Takeaway. Using two known latents in two markets, we show that the DNNs trained with diferent underlying

latent states yield the same predictions when testing them under another latent state. This anecdotally veriies that

the relationship between the KPI and MAT metrics seems roughly invariant to latent efects.

We recognize that our results indicating minimal efects of latents on the relationship between MAT and KPI
(and the directions of change in the previous section) are anecdotal and dependent on the chosen latent variable
and datasets. Indeed there are ‘known latents’ (which we have used in these studies), but there are a lot more
‘unknown latents’; thus it is impossible to deinitively prove isolation of KPI from the latents. Nevertheless, based
on ield knowledge from operators combined with these case studies, we move forward with the results.

8 Evaluation

In the following section, we provide the performance results related to CIPAT. We irst optimize the performance
of the MAT to KPI model by tuning the mask attributes needed to accurately characterize MAT-KPI relationship.
We then show the detailed operation of CIPAT using an example of a coniguration change on a live network. We
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Model Mask/Feature Attributes (M/F) MSE wrt Variance = 0.015
DL MIMO
Mode

Freq-
uency

eNodeB
Type

Hard-
ware

Soft-
ware

Residual
Error

Improv-
ement

One-stage M F F F F 0.00638 42.54% N/A

CIPAT
Two-stage
(DNN)

F F F F F 0.00185 12.34% +30.20%

M F F F F 0.00197 13.10% +29.44%
M M F F F 0.00218 14.53% +28.01%
M M M F F 0.00204 13.62% +28.92%
M M M M M 0.00197 13.16% +29.38%

Common Mask Attributes Market, Morphology, Tower Height

Common Feature Attributes Weekday, Bandwidth

Table 4. Achieved MSE in predicting DL throughput by models jointly trained across 4 markets of LTE network with varied

mask atributes.

then evaluate the performance of CIPAT showing its efectiveness as a pre-ilter for the operators. Finally, we
provide additional results and insights into CIPAT.

For the evaluation of CIPAT, we primarily use LTE dataset due to a large number of coniguration changes in
the dataset. We consider the attributes listed in Table 1, 189 out of 318 conigurations which were changed at
least once over 490 days and 56 MAT metrics (as listed in Appendix A). We set DL throughput as the target KPI.

8.1 Tuning the mask atributes

To achieve optimal performance within the proposed DNNmodel, we explore the precise tuning of mask attributes.
Mask attributes ofer a mechanism for ine-tuning the model, enabling model optimization tailored to speciic
operational scenarios. To this end, we experiment with the combinations of mask and feature attributes and
summarize the resultant MSE errors in Table 4.
While in theory, an increase in mask attributes could lead to highly reined models, our empirical indings

suggest a more nuanced relationship between mask attributes and performance. We observe a consistent increase
in MSE error with each additional mask attribute. This can be attributed to a reduction in the data samples
available for ine-tuning the head layers, as the number of mask attributes increases. Therefore, the indiscriminate
addition of mask attributes, as demonstrated in our experiments, may not yield the desired performance gains.
Instead, a judicious mask attribute selection that prioritizes attributes with the most signiicant inluence on the
relationship between MAT metrics and KPI is essential for achieving optimal results.

8.2 Operating CIPAT: An Example

We further give a working example of CIPAT from the historical data. Consider the cell � from Market A. From
the dataset, we observe that the operator attempted to increase the tilt angle from 20◦ to 40◦. If CIPAT had
been used as a ilter, the operator would have provided it with three sets of values: (1) The cell name � , (2) the
coniguration and new value, i.e., the angle from 20◦ to 40◦, and (3) the median of MAT metrics over last 7-days.

In the irst step, CIPAT inds the attributes of the cell from a lookup table. The identiied attributes of cell � is
given in Table 5. The toolkit then uses the given cell attributes and inds the directions of change in all MAT
metrics for the change in the tilt angle. These directions can be obtained from the pre-calculated weight matrix
W∗

a (ANGLE, ·) given in (2).
These directions associated with all 56 MAT metrics present a 56-dimensional orthant with the origin at current

values of MAT metrics. This orthant is the space of all combinations of the possible MAT metric values after the
proposed coniguration change. We sample 2000 points from this orthant and plot their 2D projections in Fig. 8.
Each sampled point is then passed through the trained regression model to get an estimated direction of

change in cell throughput. In Fig. 8, we denote the positive and negative directions of change in cell throughput
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Fig. 8. A 2D projection of 56-dimensional orthant on two-pairs of MAT metrics: The doted red lines shows the historical

limits of the MAT metrics associated to the identified atributes. The intersection of black lines show the current 7-day

median of the MAT metrics. Each point (colored dot) represents a sampled combination of possible MAT metric values

resulting from the configuration change. The color of the dots show the predicted impact on KPI. There are more points with

negative impact on KPI (∼72%) than with positive impact on KPI.

Morphology eNodeB Type Hardware Tower Height

Suburban Macro HW V1 Medium

Bandwidth Frequency Band DLMIMO Mode Software

10MHz LTE-D Closed Loop MIMO (4x4) SW V1

Table 5. Atribute values of cell � from Market A

with blue and yellow colors. Finally, given the higher number of points with a negative expected change in cell
throughput, CIPAT concludes that increasing the angle on the cell � can negatively impact cell throughput. With
the suggestion by CIPAT, the operator can put the coniguration change on hold. The operator can also further
investigate the result from CIPAT by observing various projections of the orthant (similar to Fig. 8), and use their
knowledge to overrule the decision.

8.3 Performance of CIPAT

In this section, we present a detailed evaluation of CIPAT through post-facto analysis. CIPAT is designed to act as
a safeguard for operators, ensuring coniguration changes do not degrade cell-level KPIs before being applied on
live networks. Accordingly, its efectiveness is measured using two key criteria:

(1) Accuracy: CIPAT should identify all coniguration changes that degrade throughput. High accuracy indicates
the ability to ilter most throughput-degrading changes.

(2) Eicacy: CIPAT should only suspect those changes that result in degradation. High eicacy ensures minimal
false positives, iltering only genuinely degrading changes.
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Accuracy and eicacy correspond to recall and precision, respectively, if we treat CIPAT as a binary classiier.

Let D denote observed degradation and D̂ denote predicted degradation. Then, the accuracy can be deined as

P(D̂ |D), while the eicacy can be deined P(D|D̂).

8.3.1 Methodology: We evaluate CIPAT on four U.S. markets, including urban, suburban, and rural regions with
varied geography. We construct CIPAT using 260 consecutive days of cell-level metrics per market and follow
procedures from Sections 5 and 6 for each market. Then, we use the constructed toolkit to evaluate the impact of
coniguration changes on cell-level throughput.
We consider the data from the subsequent 230 consecutive days as the test dataset. In practice, the operators

are primarily interested in iltering the coniguration changes that can signiicantly degrade a KPI ś minor
degradation in one KPI is tolerable to explore improvement in other KPIs. Therefore, we consider evaluation of
CIPAT for the coniguration changes in the test dataset that meet two criteria: (1) there was at least a 10% change
(improvement or degradation) in cell-level throughput due to the coniguration change, and (2) there was at least
a 10% change (improvement or degradation) in eNodeB-level throughput.
We pass each cell-date pair in the test set with its coniguration change and the cell attribute through CIPAT

according to the process described in Section 8.2. The irst stage predicts the direction of the change in MAT
metrics based on each coniguration change and the cell attributes, generating an orthant constrained by two
conditions: (a) the number of attempts of the mobility management related procedures (e.g., handovers, RRC
session setup) must be higher than the number of successes, and (2) the range of each MAT metric does not
exceed the historically observed ranges for the given attributes. CIPAT then samples 20,000 potential MAT metric
values from the orthant. The second-stage DNN predicts throughput for each sample, determining the directional
change via majority voting. Accuracy and eicacy are calculated by comparing predictions against observed
outcomes from the test dataset.

8.3.2 Accuracy of CIPAT (P(D̂ |D)). We measure the accuracy of CIPAT by counting all coniguration changes
from the test data that are correctly identiied as degrading throughput and dividing it by the total number
of degradations observed in the test data. Results (see Table 6) show accuracy reaching up to 85%, though
performance varies across markets. For instance, Market D exhibits lower accuracy (70%) due to its diverse
landscapes, including dense urban areas and sparsely populated regions. Potential improvements include using
hourly MAT metrics and incorporating neighboring-cell impacts, as discussed in Section 9.

8.3.3 Eficacy of CIPAT (P(D|D̂)). Eicacy assesses CIPAT’s reliability in predicting severe degradations, partic-
ularly those exceeding 10% eNodeB-level throughput decline. We measure the eicacy by calculating the fraction
of actual degradations out of all predicted degradations. We present the eicacy results in Table 6.

8.3.4 Eficacy of CIPAT in predicting the impact of untested configuration changes. A key challenge for the
operators is predicting the impact of untested coniguration changes. A coniguration is considered łnovelž if it
has not been applied to cells with identical attributes. Table 6 highlights CIPAT’s performance in tackling this
vital challenge, demonstrating its ability to generalize predictions to untested scenarios.

8.3.5 Comparison with one-stage model. We compare CIPAT against a one-stage model that directly predicts
KPI degradation based on coniguration changes and attributes. As presented in Table 6, CIPAT outperformed
the one-stage model by 10-40%. Moreover, CIPAT excelled in handling novel coniguration changes, which can
be viewed as łout-of-distributionž samples, meaning that the test environment requires the model to predict
about scenarios not present in the training dataset. This phenomenon aligns with a well-established principle in
causal inference: understanding relationships prevents the learning algorithm from itting models to spurious
correlations, thereby enhancing model performance on out-of-distribution samples. By explicitly modeling
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Market & Market Attributes Accuracy: P(D̂ |D) Eicacy: P(D|D̂)

CIPAT One stage
All changes

(CIPAT)

All changes

(One-stage)

Novel changes

(CIPAT)

Novel changes

(One-stage)

(A) Densely populated
metropolitan downtown, plains

0.85 0.62 0.82 0.71 0.95 0.67

(B) Densely populated suburban, plains 0.74 0.88 0.86 0.78 0.93 0.75

(C) Densely populated urban and
sparsely populated mountains and deserts

0.70 0.67 0.78 0.53 0.76 0.54

(D) Sparsely populated regions
with mountains, plateaus, and deserts

0.78 0.56 0.78 0.52 0.81 0.51

Table 6. Accuracy and eficacy of CIPAT and one-stage model across markets: CIPAT performs beter than the one-stage

model, particularly in markets with significant seasonal user dynamics. This highlights the benefit of the two-stage approach

using MAT metrics in addressing the impact of underlying latent variables.

relationships between conigurations and KPIs via MAT metrics, CIPAT mitigates spurious correlations that often
impair one-stage models. This advantage is empirically evident from the results in Table 6.

We also note that, in Market B, the one-stage model attains comparatively higher accuracy. While our current
dataset does not allow us to isolate the cause, we ind two plausible explanations consistent with our overall
analysis. First, Market B contains the largest number of observed samples, which may allow the one-stage
model to it market-speciic patterns more easily. Second, if latent variability in Market B is lower or more
homogeneous than in other markets, the direct coniguration-to-KPI mapping learned by the one-stage model,
especially with a large number of samples, may experience fewer violations due to unobserved external factors.
However, such efects also increase the risk that the one-stage model overits correlations as implied by its worse
performance on novel coniguration changes. In contrast, CIPAT maintains consistently high eicacy across
markets, particularly for novel coniguration changes, indicating that the two-stage design captures underlying
directional relationships rather than coincidental market-speciic correlations. A deeper investigation of these
market-level diferences would require more granular latent information or controlled coniguration tests, and
we leave this as an important direction for future work.

8.3.6 Runtime of CIPAT.

Training time of CIPAT. Constructing CIPAT involves constructing the two stages of CIPAT. The construction of
Stage 1 is dominated by the FOCI algorithm, whose per-iteration cost is� (�� log�), where � denotes the number
of samples in the dataset, and � denotes the number of coniguration parameters. As an example, for Market D
(900,000 samples; 114 conigurations with non-unique values), identifying the top-20 inluential conigurations
for a MAT metric required around 91.8 CPU-hours (1.53 hours using 60 parallel threads). The construction of
Stage 2 (DNN training) grows with � (�), which translates to 4 hours of training for Market D on a single core of
Intel Xeon Gold 6152 cluster.

Inference time of CIPAT. Once the CIPAT models are trained, the inference step of the irst stage (i.e., predicting
the direction of MAT metrics for a queried coniguration change) only involves a search in a lookup table, which
has a constant computational complexity. The inference step of the second stage, however, requires evaluating
potential KPI outcomes from a large number of values of the MAT metrics sampled from the orthant chosen by
the irst stage. This DNN-based prediction task has linear computational complexity with respect to the number of
sampled values of MAT metrics. Therefore, the overall runtime of CIPAT is primarily determined by the number
of points sampled from the chosen orthant. In our analysis, the average end-to-end inference time for a trained
CIPAT was 1.19 seconds for 20,000 sampled MAT metrics on a single core performance on an Intel Xeon Gold
6152 cluster.
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Takeaway. Post-facto analysis on the real-world coniguration tuning dataset demonstrates that CIPAT can

identify up to 85% of coniguration changes that cause performance degradation. Furthermore, with 78-86% conidence,

CIPAT’s prediction of throughput degradation correlates with an actual decline. Importantly, CIPAT can identify

the impact of untested coniguration changes with up to 95% eicacy. Compared to a one-stage tool that only uses

conigurations and attributes for KPI prediction, CIPAT is more accurate and efective toolkit to ilter the potentially

damaging coniguration changes before implementing on a live network.

8.4 Additional Results and Insights

In this section, we provide a few additional insights derived from our analysis. Speciically, we provide a
comparison between the key coniguration parameters in LTE and 5G that impact the number of connections to
a cell, and then, discuss the attributes that have the most impact on the direction of the change of MAT metrics.

8.4.1 Impact of configurations on MAT: Comparing LTE and 5G. To analyze critical diferences across the LTE and
5G networks, we categorize the conigurations selected by FOCI into the following 7 categories: (1) Operational
mode - such as the support for NB-IoT or Category-M devices; (2) Coverage related conigurations, e.g., tilt angle
and power; (3) Handover related conigurations used for transferring active sessions across cells; (4) MAC and

network layer conigurations, e.g., scheduler parameters, and limits on the number of sessions and resource block
allocations; (5) PHY layer conigurations related to MIMO coniguration, carrier aggregation and channel state
information feedback; (6) Idle mode conigurations that deine the transition from active session to idle mode and
cell search and inter-cell transitions during the idle mode; (7) Periodic features (derived features such as day of
the week).

In Fig. 9, we plot the number of occurrence (normalized) of these categories in top conigurations for number
of connections to a cell as identiied by FOCI. We observe that the number of connections to an LTE cell is
signiicantly dependent on idle mode parameters as compared to other categories. However, in the 5G network,
the MAC and network layer parameters along with handover parameters have a signiicant impact on number of
connections. This observation can be explained by the fact that the current deployments prioritize the active
UEs to connect to the 5G network. Therefore, the network and MAC parameters which deines the limits on the
number of sessions and resource block allocations, and handover parameters which controls the transfers of
active sessions, have more impact on the 5G network.

8.4.2 Key atributes afecting the direction of change in MAT metrics. In Section 5.4, we deined the matrix
W∗

a (�,�), ∀� ∈ U(A), denoting the direction of change for a given coniguration � ∈ C (e.g. tilt angle) and MAT
metric� ∈ M (e.g. number of connections) pair. In this section, we ind the attributes that characterize the
direction of the change of each coniguration-MAT metric pair.
Let a be a row-vector denoting a value of the attributes in set A. By concatenating all attribute values, a

matrix U(A) with features A can be generated. Similarly, we deine a direction-vector W∗
+ (�,�) containing the

direction of the change of all attributes. We then run the FOCI algorithm (Algorithm 1) withW∗
+ (�,�),∀a as a

target and A as a feature set. The results of FOCI indicate the most prominent attributes that characterize the
direction of change in MAT metrics due to the change in coniguration � .

We then show a comparison between these key attributes of two diferent MAT metrics. Speciically, for each
MAT metric, we count the number of times each attribute is listed as the top-3 contributor (based on CODEC
score) across coniguration parameters. We then plot in Fig. 10, a normalized count of each attribute for two MAT
metrics: (1) Number of RRC connections, which is a network layer metric, (2) Average RSRP, which is a physical
layer metric.

From the igure, we can observe that physical layer attributes such as frequency and Market (topology) have a
greater importance in characterizing the behavior of Average RSRP. In contrast, hardware-related attributes such
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as tower height and hardware versions have more impact on characterizing the behavior of the number of RRC
sessions. The attributes such as morphology and eNodeB types impact both parameters mainly because they
simultaneously specify the user and traic dynamics and the physical environment around them.

9 Limitations and concluding discussions

In this work, we have demonstrated that a one-stagemodel directly linking the conigurations to KPIs is inadequate
due to the factors external of the cellular network. Consequently, we used MAT metrics as mediators to design a
latent-resilient tool CIPAT to predict the direction of impact on the KPIs due to coniguration changes. In this
section, we highlight key limitations of CIPAT and suggest potential directions for future work.
Improving the latent resilience of CIPAT: While we establish that CIPAT is more reliable and latent-resilient
solution for predicting the impact on KPI, we cannot claim that CIPAT is fully latent-invariant. Latents are
by deinition unknown, hence, latent-invariance of any data-driven method cannot be proved. We, however,
believe that MAT metrics are the way to go for predicting the performance of the cellular network. Therefore,
it is important to explore the choice of MAT metrics. Current choice of MAT metrics may not be exhaustive
and additional network metrics and possibly the derived metrics can be used as MAT metrics for improved
latent-resilience.
CIPAT on heterogeneous markets:While CIPAT has good performance in many markets, there are markets
with very widely varying geographies and morphologies where we have insuicient amount of data samples for
each attribute value to train an efective model. Our future work includes designing CIPAT for a homogeneous
split of such heterogeneous markets, and potentially extrapolating results from similar attribute values across
markets.
More descriptive latent-invariant characteristic: In this study, we are unable to predict the magnitude of
change in KPI. This leads to a fundamental question: Is there a latent-invariant characteristic in the relationship
between coniguration parameters and MAT metrics that provides more information ś say, a range of MATs
ś instead of solely the direction of change in MATs? This question is particularly intriguing considering that
the proposed toolchain uses information from the irst stage to support the second stage. Thus, inding a latent-
invariant map between conigurations to MAT metrics that is speciically designed to support the regression
model in the second stage poses a diicult yet fascinating challenge.
Extension to new attributes: The use of CIPAT is limited to the speciic attributes encountered during training.
Both stages, the coniguration to MAT and the MAT to KPI relationships, are developed for the speciic attribute
values. While CIPAT performs well within this domain, extrapolating to novel attribute combinations, such as

ACM Trans. Model. Perform. Eval. Comput. Syst.



CIPAT: A Two-stage Configuration Impact Prediction Analysis Toolkit for Cellular Networks • 23

a new equipment or market, could lead to unreliable predictions. In such cases, CIPAT can be initialized using
the data from similar attributes and can be progressively ine-tuned as data from the new attributes become
available. A dedicated study is needed to explore principled methods for extrapolating logs to new attributes
and to characterize the transferability of CIPAT, including how performance scales with the number of observed
coniguration-change events in a new environment.
Identifying conigurations using coniguration recommendation systems: CIPAT only predicts the impact
of the coniguration change but does not search for the best conigurations. This gap can be addressed by
integrating CIPAT as a discriminator in the existing coniguration recommendation systems, such as Chroma
[16], Aurora [25] and Auric [28]. A key limitation of these existing recommendation systems, however, is that
they typically recommend only coniguration settings already tested on the live network. Since CIPAT can predict
the impact of untested coniguration changes, we believe CIPAT could also serve as a discriminator in novel
recommendation systems capable of identifying entirely new, impactful conigurations.
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A Sample list of MAT metrics

The sample list is presented in Table 7.

Category MAT Metric MAT Metric

Mobility

Number of Inter-frequency HO
entered in execution phase

Number of intra-frequency HO
entered in preparation phase

Number of Inter-frequency HO
with successful execution phase

Number of intra-frequency HO
with successful preparation phase

Success rate of inter-frequency
HO in execution phase

Success rate of intra-frequency
HO in preparation phase

Number of inter-frequency HO
entered in preparation phase

Number of intra-frequency HO
entered in execution phase

Number of inter-frequency HO
with successful preparation phase

Number of intra-frequency HO
with successful execution phase

Success rate of inter-frequency
HO in preparation phase

Success rate of intra-frequency
HO in execution phase

Number of attempted inter-frequency HO Mode of distance b/w UEs and the BS (km)
Number of successful inter-frequency HO 10%-tile distance between UEs and the cell

Success rate of inter-frequency HO 25%-tile distance between UEs and the cell
Number of attempted intra-frequency HO 50%-tile distance between UEs and the cell
Number of successful intra-frequency HO 75%-tile distance between UEs and the cell

Success rate of intra-frequency HO 85%-tile distance between UEs and the cell

Access

Average RSRP in dBm # of UEs with -14 <RSRQ <-10 dB
# of UEs with RSRP >-90 dBm # of UEs with -18 <RSRQ <-14 dB

# of UEs with -100 <RSRP <-90 dBm # of UEs with RSRQ <-18
# of UEs with -110 <RSRP <-100 dBm Average channel quality indicator (CQI)
# of UEs with -115 <RSRP <-110 dBm Average signal-to-noise-ratio (SNR)
# of UEs with -118 <RSRP <-115 dBm # of UEs with RSRP >-106 dBm and RSRQ <-16 dB

# of UEs with RSRP <-118 dBm # of UEs with RSRP >-110 dBm and RSRQ <-14 dB
Average RSRQ in dB # of UEs with RSRP >-112 dBm and RSRQ <-18 dB

# of UEs with RSRQ >-10 dB # of UEs with -118<RSRP<-112 dBm and RSRQ <-18 dB

Traic

Number of attempted RRC connection Number of attempted S1MME connection
Number of established RRC connection Number of established S1MME connection

RRC establishment success rate S1MME establishment success rate
Downlink PDCP volume Total number of PDCCH resources
Downlink packet loss Number of PDCCH resources used

Number of DRB established PDCCH Utilization
Number of downlink physical resource blocks Number of uplink physical resource blocks

Table 7. A sample list of MAT metrics: The parameters in blue are derived from the observed parameters (usually ratios).

These parameters are not considered in the first stage of CIPAT as they do not maintain the same direction of change w.r.t.

configuration changes. However, we use them as an input to the regression model in the second stage to reduce the burden

on the model to learn the derived parameters. For detailed explanation on HO procedure and the impact of configurations

on them, please refer to [18].
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