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ABSTRACT

The Open Radio Access Network (O-RAN) promises unprecedented

�exibility through its recon�gurable architecture and AI-driven

control. However, this agility exposes a critical fragility: AI models

trained on one network con�guration su�er signi�cant perfor-

mance degradation after an upgrade due to dramatic data drift. The

standard solution, reactive retraining, is unacceptably slow, leaving

the network in a suboptimal state for tens of minutes and undermin-

ing the core bene�ts of O-RAN’s dynamism. This paper introduces

RANPilot, the �rst framework to address this challenge through

proactive AI adaptation. RANPilot constructs a lightweight "vir-

tual O-RAN" (a trace-driven emulator) to synthesize high-�delity

training data representing the post-recon�guration state before

the physical change occurs, allowing AI models to be adapted in

advance. Extensive experiments on a real-world 5G testbed demon-

strate that RANPilot achieves near interruption-free AI services

upon recon�guration, reducing AI downtime by 85% to 94% against

reactive baselines. By shifting the AI evolution paradigm from re-

active redevelopment to proactive preparation, RANPilot explores

a digital-leado� approach to enable robust AI in recon�gurable

O-RAN deployments.
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1 INTRODUCTION

Cellular Radio Access Networks (RAN) are undergoing a paradigm

shift, moving away from the rigid, monolithic designs of the past

toward the Open RAN (O-RAN) [5, 16, 25]. This new paradigm

is founded on the principles of disaggregation, virtualization, and

open interfaces, splitting traditional base station functions into
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Figure 1: Illustration of AI development in O-RAN: (a) ex-

isting paradigms reactively retrain/adapt AI models after

system recon�guration; (b) RANPilot proactively adapts AI

models before system recon�guration.

distinct, interoperable software/hardware components. This modu-

larity, coupled with the introduction of the RAN Intelligent Con-

troller (RIC), unlocks two transformative capabilities. First, it en-

ables unprecedented recon�gurability, allowing network operators

to dynamically add or upgrade radio units to enhance coverage

and edge processing capabilities [26, 27, 52, 55]. Second, it fosters

programmability, where AI-driven applications, known as xApps,

can be deployed on the RIC to intelligently manage the network,

optimizing functions like resource allocation [12, 41], tra�c steer-

ing [42, 66], and interference mitigation [28, 40, 80]. Together, these

innovations promise a future of smarter, more adaptive, and cost-

e�cient cellular networks [4, 10, 30, 38, 68, 75].

The promising AI functionalities in O-RAN expose a brittle truth

when confronted with �exible recon�gurability: today’s AI mod-

els in O-RAN systems often break even under planned net-

work upgrades. For example, an AI model trained on last month’s

network data may struggle with this month’s new con�guration or

tuned parameters, often yielding dramatic performance degrada-

tions, following planned upgrades. Such network recon�gurations

or upgrades are necessary in routine operations and essential for

AI innovations. For example, network operators need to regularly

modify hardware and software components, upgrade radio units,

change network policies, tune AI models, etc. In practice, however,

such necessary changes can invalidate previously well-trained AI

models. Our measurements on a live 5G O-RAN testbed underscore

the severity of this problem (§3.2). After a common cell-addition, a

pretrained Quality of Experience (QoE) predictor fails to anticipate
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sharp throughput �uctuations, causing video streaming to su�er

from a high frequency of playback stalls (Figure 3). Simultaneously,

an anomaly detector is �ooded with false alarms, misclassifying

benign inter-cell interference from the new cell as a malicious event

(Figure 5).

The culprit is dramatic data drift caused by network recon�gu-

rations and component upgrades: the recon�guration introduces

novel RAN interactions and tra�c dynamics that the AI model was

never trained on. We quantify this drift, �nding that while most

tra�c patterns remain similar, a critical 8% of post-recon�guration

tra�c shows a signi�cant deviation (maximum cosine similarity

< 0.7) from the original training data (Figure 6). The model’s per-

formance collapses precisely on this drifted data, with the QoE

predictor’s error spiking above 10 Mbps, demonstrating that the AI

model fails at the most critical moments when it must understand

the network’s new operational logic.

Existing solutions (e.g., reactively collecting new data to perform

model adaptation after deployment as illustrated in Figure 1(a)) are

agonizingly slow and operationally untenable for cellular networks.

Our measurements show that adapting a QoE prediction model

via continuous learning takes 29 minutes to regain its original per-

formance, while an anomaly detection model requires 20 minutes

(Figure 7). It took almost the same amount of time to train new

models from scratch (31 and 21 minutes, respectively), indicating

the data drift is too severe for simple �ne-tuning. This prolonged

period of suboptimal performance (e�ectively AI outage) negates

the core O-RAN promise of agility and �exibility: If every dynamic

upgrade incurs a half-hour of degraded service and potential user

complaints, the �exibility comes at too high a cost, rendering cel-

lular operators reluctant to adopt AI models or deliver new AI

functionalities via system upgrades.

Instead of reactively �xing AI after major network recon�gu-

rations or upgrades, can AI plan for such changes and adapt be-

forehand? We present RANPilot, a new framework for proactive

O-RAN AI adaptation (Figure 1(b)). Its design rests on three pil-

lars (§4): (1) At its core, RANPilot builds a lightweight virtual

O-RAN that emulates the planned network changes with su�cient

�delity to synthesize training data for the future scenarios ahead of

time. This di�ers from a heavyweight, ray-tracing-based physical-

layer reconstruction [33, 70]. Instead, RANPilot targets data- and

control-level �delity by focusing on the structural network behav-

iors and RAN unit interactions that drive post-recon�guration data

drift. (2) RANPilot uses a dedicated meta-learning strategy to in-

telligently augment the synthetic KPM data that helps the model

generalize to diverse operational conditions; (3) RANPilot rapidly

closes the remaining simulation-to-reality gap by prioritizing im-

portant real-world KPMs for incremental tuning.

Our extensive evaluation on a live 5G O-RAN testbed [78] shows

that RANPilot achieves near interruption-free AI services through

recon�gurations, reducing AI downtime by 85–94% compared to re-

active retraining baselines. This transforms the adaptation process

from a lengthy recovery into a swift, �nal calibration. For instance,

RANPilot prepares anomaly detection models that are ready in

just 1.3–2.4 minutes and a resource allocation model that achieves

near-Oracle performance immediately, resolving minor discrep-

ancies within four minutes of deployment. From the moment of

deployment, RANPilot-prepared models operate at full accuracy;

our anomaly detector achieves 89.1–97.5% accuracy from the start,

while the Vanilla model languishes at 30–50%. This is made possi-

ble as our synthesized data faithfully reproduces critical network

dynamics of the new interaction patterns among recon�gured RAN

units, such as throughput �uctuations, that are essential for robust

AI but overlooked by benchmarks. By enabling AI to evolve in

lockstep with network updates, RANPilot closes a critical gap in

today’s O-RAN architecture. In summary, this paper makes the

following contributions:

• For the �rst time, we draw attention to the problem of AI robust-

ness in dynamic O-RAN recon�gurations, identifying its unique

challenges and implications (§3).

• We propose RANPilot, a new framework that supports the evo-

lution of AI functionalities prior to physical RAN recon�guration.

RANPilotmarks a paradigm shift from reactive remedy to proac-

tive adaptation for AI functionalities in recon�gurable O-RAN

(§4).

• We design, implement, and evaluate RANPilot on a realistic

5G RAN testbed across various use cases. Results indicate that

RANPilot can deliver performant and robust AI functionalities

and support diverse applications (§5-§6).

Ethics: This work does not raise any ethical issues.

2 RELATED WORK
AI functionalities in O-RAN. AI for cellular networks has gained

substantial attention in recent years [11, 58, 62, 76, 93]. The rise of

open and programmable control in O-RAN has further accelerated

this trend, enabling developers to integrate AI/ML-driven mecha-

nisms into the RAN for tasks such as network slicing [12, 15, 18],

tra�c steering [42, 66], interference mitigation [40, 94], anomaly

detection [65, 80, 88, 89], and automated control [3, 23, 31, 36, 51].

The AI functionalities have been undeniably promising for smarter,

more adaptive NextG cellular networks [4, 38].

Service degradation after RAN recon�gurations. Early mea-

surement studies of large operational networks [46, 53, 54, 56] re-

vealed that con�guration changes can induce subtle yet persistent

performance degradations. To reduce user-visible impact, previous

work focused on minimizing service disruption through carefully

coordinated, network-wide upgrades [73, 91]. More recent e�orts

have further enhanced system robustness and achieve near–zero

downtime during network updates [39, 45, 74, 90].

With the emergence of O-RAN, however, AI-driven control and

optimization have become integral to RAN operation, introducing

a new vulnerability: learned models themselves can degrade under

frequent and �exible recon�gurations. Existing AI functionalities

remain largely rigid and tightly coupled to static con�gurations,

making them particularly sensitive to con�guration shifts [9].

AI robustness against data drift. Prior work [7] and our measure-

ments (§3.2) show that O-RAN recon�gurations can induce severe

data drift that quickly invalidates deployed AI models. The stan-

dard remedy is to adapt models to new data distributions through

continuous or transfer learning [14, 37, 85, 87], and recent stud-

ies have attempted to apply these techniques to cellular systems

[13, 61, 63]. However, unlike conventional AI settings, cellular net-

works face a practical challenge: collecting real-world data is slow,
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Figure 2: Background of 5G Open RAN: disaggregated RAN

units integrated with AI/ML functionalities.

resource-intensive, and often requires lengthy over-the-air mea-

surements [9]. Motivated by recent advances in synthetic data

generation [17, 20, 29, 64, 70], we explore whether AI models can

learn ahead of time using synthetic traces tailored to emulate up-

coming network recon�guration, thereby improving robustness

under dynamic O-RAN recon�gurations.

AI-based network management and model adaptation. Net-

working systems adopt AI for network management and model

adaptation across diverse domains. In wide-area networks, AI-

driven tra�c engineering [6, 69] aims to enhance resilience under

dynamic tra�c demands and topologies. In data center networks,

xWeaver [86] leverages AI to adapt topology decisions to evolving

tra�c patterns. Similarly, cellular networks increasingly rely on

AI models to execute complex operational tasks [80, 93]. However,

AI in production networks su�ers from severe performance degra-

dation under planned or unplanned system changes, calling for

e�cient model adaptation mechanisms [50]. To tackle this degra-

dation, LEAF [49] characterizes concept drift in large-scale cellular

infrastructure and mitigates accuracy drops through a combination

of targeted retraining, data forgetting, and sample oversampling.

Argus [92] continuously monitors service anomalies and adapts

AI models on the �y to absorb data distribution variations. Unlike

these works, RANPilot speci�cally addresses data drift in dynamic

O-RAN recon�gurations and proposes a proactive paradigm that

adapts AI models using synthetic data.

3 BACKGROUND AND MOTIVATION

3.1 O-RAN and AI Functionalities

5G Networks. As illustrated in Figure 2(a), 5G networks consist

of three primary components. User Equipment (UE) includes de-

vices such as smartphones, IoT devices, and connected vehicles

that access the network. Radio Access Network (RAN) provides wire-

less connectivity, enabling communication between UEs and the

network infrastructure. 5G Core Network (5GC) manages essential

functions like user authentication and mobility management, while

also routing user data between the RAN and backhaul networks.

O-RANvs. Traditional RAN.By decoupling traditional RANhard-

ware and standardizing interfaces, O-RAN fosters a multi-vendor

ecosystem that promotes recon�gurability and innovation. As il-

lustrated in Figure 2(b), O-RAN disaggregates RAN functions into

three logical components: O-Radio Unit (O-RU), O-Distributed Unit

(O-DU), and O-Central Unit (O-CU). O-RU transmits and receives

radio signals over the air interface, and implements lower PHY

functions (e.g., FFT/iFFT). O-DU executes higher PHY functions
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Figure 3: QoE prediction after RAN recon�guration: (a) Over-

all video streaming stalls; (b) Throughput �uctuation in one

of the prediction failure moments.
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Figure 4: The failure of Vanilla QoE prediction model aligns

with the execution of radio control policies.

(e.g., scrambling, modulation), MAC scheduling, and RLC opera-

tions. O-CU handles higher-layer functions (e.g., RRC signaling,

mobility management, and PDCP processing). It orchestrates UE

behavior, manages handovers, and enforces QoS policies. O-RAN

further integrates RAN Intelligent Controller (RIC) to coordinate

AI functionalities. O-RAN collects and stores the Key Performance

Metrics (KPMs) of RAN components.

Need for robust and interruption-free AI services. AI services

are fundamental to network control and optimization. The �exi-

ble recon�gurability and stringent downtime requirements [45, 73]

pose an urgent demand for robust and interruption-free AI function-

alities, particularly during the initial phase following RAN recon�g-

uration. In other words, AI functionalities are expected to maintain

consistent performance with ideally zero service downtime after

major recon�guration as well as system upgrades.

3.2 RAN Recon�guration and Data Drift

To demonstrate the fragility of current AI approach and trained

models even facing planned recon�guration and system upgrades,

we conduct a series of preliminary studies (§5-§6). We measure the

performance degradation of AI functionalities following routine

recon�guration operations and updates. We test two standard AI

functionalities with representative model architectures and training

methods:

• QoE prediction and serving [93] predict QoE based on his-

torical tra�c patterns. Accurate predictions enable real-time,

proactive adjustment of application and network parameters to

maintain high user satisfaction, which is especially critical for

latency-sensitive and immersive applications like AR/VR and

cloud gaming [8, 19, 34, 59, 60].

• Anomaly detection and localization [80] adopt a distribution

learning model to analyze RAN KPMs to detect system failures

and irregularities. Accurate and timely detections enable auto-

mated maintenance work�ows and rapid recovery from network
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Figure 5: Anomaly detection after RAN recon�guration: nor-

mal tra�c frequently crosses the normal bound of Vanilla

model, raising extensive false alarms.

anomalies, thereby reducing operating expenses and enhancing

reliability [44, 88, 89].

We tested various system recon�gurations including both hardware

and software changes and upgrades. To make our discussion con-

crete, we start with one routine system upgrade, i.e., adding a cell

tower for better coverage.

AI Service Interruption after Routine Updates. After a recon-

�guration, video streaming quality degrades signi�cantly when

managed by the Vanilla QoE predictor (i.e., model before recon�gu-

ration), exhibiting a high frequency of playback stalls that worsen

with UE mobility, as shown in Figure 3(a). The root cause is that the

current AI approach does not train the model to cope with the sharp

data drift caused by major network recon�guration. As a result,

the Vanilla model lags behind the actual throughput as shown in

Figure 3(b), leading to performance degradation and a�ect user

experience.

By cross-checking these failures with RAN operation logs, we

discovered a notable pattern: the most failures for the Vanilla model

coincide with the updates to radio control policies, as shown in

Figure 4. These newly integrated policies (e.g., possible handover

to/from the new RAN unit) cause network dynamics that were

unseen by the Vanilla model, rendering the model ine�ective.

Our measurements on anomaly detection unveil similar limita-

tions of current AI approach and trained models. Figure 5 illustrates

that following a system recon�guration, the Vanilla anomaly de-

tection model frequently misclassi�es benign network behavior

(e.g., new patterns of inter-cell interference) as malicious anomalies.

These subtle �uctuations are typically caused by the recon�gured

topology but rarely seen in the collected data.

In both cases, we observe that the AI models cannot stay ef-

fective and robust throughout major recon�gurations and system

upgrades.

Impact of RAN Recon�guration on Data Distribution. We

further analyze the data distribution variation of network tra�c

induced by RAN recon�guration. To quantify data distribution vari-

ations, we adopt a unique metric,maximum cosine similarity, which

assesses the a�nity of each new KPM sample to the training set

used by the Vanilla model. Speci�cally, for each new KPM sample,

we compute its cosine similarity with all training samples and select

the maximum value as a proxy, representing the closest distance be-

tween the KPM sample and the training set [77]. This approach can

eliminate the in�uence of the inherently high variance of cellular

tra�c. To benchmark the impact of recon�guration, we measure

two 20-minute tra�c segments: one before and one after the recon-

�guration. We segment each trace into 2 s intervals and compute

their similarities to the training set.
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Figure 7: End-to-end adaptation time of di�erent AI func-

tionalities, during which the recon�gured RAN su�ers from

suboptimal performance.

Our empirical analysis shows that, although overall data similar-

ity remains broadly stable after recon�guration, a notable portion of

network tra�c diverges signi�cantly from the training distribution

(see Figure 6(a)). These low-similarity segments are unrepresented

in the original training set and invalidate the Vanilla model. As

illustrated in Figure 6(b), throughput predictions become highly

unreliable in these low-a�nity regions. These results indicate that

RAN recon�gurations introduce substantial data drift, undermining

the robustness of pretrained, static O-RAN AI models.

Limitations of Existing Solutions. Data drift is a well-known

challenge in AI. Moderate data drift can be addressed by contin-

uous learning [14, 37, 85, 87]. However, this reactive approach

is untenable in O-RAN due to two unique challenges: 1) Lack of

post-recon�guration data. Adapting AI models requires collecting

new training data in target domains (i.e., after recon�guration),

which is unavailable until the recon�guration is enforced. 2) Strin-

gent downtime requirement. Cellular networks impose a stringent

service downtime requirement [45, 73]. Continuous learning [85]

generally takes a long time to collect su�cient post-recon�guration

data for �ne-tuning models. During this process, the AI models

inevitably su�er from drastic performance degradation, rendering

cellular operators reluctant to adopt AI models or deliver new AI

functionalities via system upgrades.

To quantify the recon�guration tax, wemeasure the time required

to adapt the models. Speci�cally, we consider two adaptation ap-

proaches: 1) updating the Vanilla models via continuous learning

[82], and 2) collecting new KPM traces after recon�guration and

training new models from scratch. We measure the AI downtime,

which is de�ned as the duration from the activation of RAN re-

con�guration till the adapted AI model achieves 95% of its best

performance (denoted as Oracle). The two models require 29 and 20

minutes for continuous learning, respectively (Figure 7). Notably,
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due to the time-consuming data collection and continuous learning

required to handle extreme data drift, the adaptation e�orts are

almost the same as developing a new model from scratch, which

takes about 31 and 21 minutes, respectively. These adaptation meth-

ods lead to extended AI service downtime and prolonged periods

of suboptimal network performance, negating O-RAN’s �exible

recon�gurability.

In summary, we have two key observations:

• Major recon�guration and system upgrades introduce extreme

data drift, obsoleting AI functionalities developed on legacy data.

• Existing continuous learning or �ne-tuning solutions lead to

unacceptable service downtime with performance degradation.

4 RANPILOT DESIGN

4.1 System Overview

Is it possible to develop robust AI models that can look ahead and ac-

commodate RAN system recon�guration without service interruption?

A fundamental obstacle is that AI adaptation requires training data,

yet real post-recon�guration data is unavailable prior to deploy-

ment, and collecting it afterward is prohibitively slow. To address

this gap, we propose RANPilot, a novel framework that proactively

adapts AI models ahead of RAN recon�gurations using synthetic

data. By enabling AI adaptation before recon�guration, RANPilot

mitigates the data drift that could break the deployed models during

major system upgrades.

However, e�ective data synthesis and AI adaptation for dynamic

O-RAN recon�gurations face three key challenges: (i) Capturing

System Changes. O-RAN introduces disaggregated units and pro-

grammable control policies with highly �exible and dynamic recon-

�gurations. These changes alter tra�c patterns and even system

topology, making it di�cult to synthesize data that faithfully re�ects

underlying network behaviors. (ii) Ensuring Data Generalization for

AI Robustness. To adapt the AI models with su�cient robustness,

synthetic data must comprehensively cover diverse operational sce-

narios and network dynamics. (iii) Bridging the Reality Gap. Even

the best synthetic data cannot fully replicate real-world nuances

such as environmental dynamics. Thus, post-recon�guration, we

must e�ciently use real data to close this gap as quickly as possible.

Figure 8 illustrates the overview of RANPilot. To faithfully

emulate O-RAN recon�gurations, RANPilot builds a virtual O-

RAN that abstracts disaggregated RAN units, their interactions, and

control policies (§4.2). Driven by real network traces and expert

knowledge, this virtual O-RAN emulates diverse recon�guration

changes while preserving essential system behaviors. To improve

the AI robustness, RANPilot augments the synthesized data from

virtual O-RAN with rich operational scenarios and network dy-

namics (§4.3). A modi�ed meta-learning module [22] learns how

to augment O-RAN KPM traces and continuously incorporates

synthesized data from unseen con�gurations into a local database,

enabling progressive re�nement and improved generalization. Fi-

nally, to rapidly close the simulation-to-reality gap after deploy-

ment, RANPilot detects biased tra�c patterns and assigns priority

weights for selective replay, enabling e�cient incremental training

using real KPM data (§4.4). When operators plan an O-RAN recon-

�guration, they notify RANPilot of the target RAN con�guration

and desired AI functionalities via RAN and AI APIs; RANPilot

then synthesizes and augments KPM data to adapt the AI models,

which are subsequently re�ned online after deployment to ensure

accuracy under live network conditions.

4.2 Building Virtual O-RAN

4.2.1 Insight & Solution. Proactive AI adaptation requires future

state data before a physical recon�guration occurs. To synthesize

e�ective data for AI adaptation, our design is grounded on three

core principles: (1) Data and control �delity over PHY exactness. In-

stead of simulating every waveform, we abstract radio units and

model their interactions at the control and scheduling layers. This

captures the system-level variations that dominate KPM drift and

AI performance. (2) Interface- and policy-awareness.We explicitly

emulate open interfaces and their contention dynamics, along with

operator-de�ned radio control policies. (3) Trace-driven realism.We

bootstrap the synthesis with real KPM traces from the current RAN,

then perturb them to re�ect new topology, mobility, and interfer-

ence. As illustrated in Figure 9, our design follows three stages:

building a static skeleton of the target O-RAN con�guration, gener-

ating O-RAN tra�c, and synthesizing O-RAN unit interactions. The

result is a lightweight virtual O-RAN – a trace-driven emulator

that generates post-recon�guration KPM data for downstream AI

adaptation. It departs from PHY-exact digital twins [33, 70], and

instead captures system-level variations that ultimately reshape

KPM traces after recon�guration.

4.2.2 Workflow & Input/Output Schema. The virtual O-RAN is a

trace-driven emulator built from softwarized RAN units. It takes

seed KPM traces as input and allows planned recon�gurations to

be applied to the software units. In addition, we explicitly model

external factors that a�ect KPM distribution (e.g., RU placement,

wireless channel, O-RAN interface contention) to align the emu-

lator with real-world physical variations. The following control

knobs support diverse RAN recon�gurations (detailed in Table 4):

(1) Topology, which represents the target O-RAN as a directed graph.

The nodes consist of abstracted CU, DU, and RU, while the edges

represent the F1 (CU–DU) and Open Fronthaul (DU–RU) interfaces.

The adjacency encodes hierarchy and enables per-interface laten-

cy/bandwidth e�ects to propagate into synthesized KPMs; (2) Cell

con�guration, which de�nes cell identities and adjacent cell topolo-

gies used for tracking handovers; (3) RAN unit con�guration, which

modi�es softwarized RAN (RU, DU, CU) variables; (4) xApp, which

executes programmable control logic. For example, cell addition
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Figure 9: Virtual O-RAN construction based on real traces

and abstracted RAN units.

can be emulated by changing the topology, cell con�gurations, and

RU variables; PRB scheduling or handover policy upgrades can

be emulated by modifying speci�c control logic in the xApp and

DU/CU variables.

4.2.3 Building O-RAN Skeleton. To emulate a recon�gured O-RAN

system, we �rst build its structural skeleton by initializing software

RAN units at each layer within the input RAN topology. Rather

than modeling the full protocol stack, we utilize functional abstrac-

tions that capture the essential RAN unit behaviors that drive KPM

drift. In our design, RU represents a lightweight PHY-layer abstrac-

tion, handling signal propagation by executing commands from

the upper layer and reporting PHY KPMs; DU serves as a control

and bu�ering entity, and its functions include aggregating metrics

from lower layers and performing basic scheduling; CU operates

as a policy-driven controller, tasked with managing UE state and

enforcing radio resource control. This layered skeleton (❶ in Fig-

ure 9) allows �exible construction of a target O-RAN system with

various radio unit abstractions forming di�erent topologies.

4.2.4 Generating O-RAN Tra�ic. We then generate synthetic KPM

traces that activate the static O-RAN skeleton into a live virtual sys-

tem. (1) KPM-driven bootstrapping. We seed the virtual O-RAN

with a KPM database that spans radio resources, UE channel quality,

and QoS metrics (detailed in Table 3). The KPMs are grounded on

the current real RAN operational states and provide the statistical

priors for our synthesis. (2) Tra�c reconstruction and gener-

ation.We generate O-RAN tra�c with a bifurcated strategy. For

unchanged RAN units, we directly reconstruct tra�c by replaying

real-world KPM traces to maintain absolute baseline �delity. For

newly added or recon�gured units, we reuse behavioral priors from

real traces but adjust them based on the new topology and network

dynamics. This ensures realistic physical coupling (e.g., inter-cell

interference) and produces plausible KPMs that re�ect the target

topology. (3) PHY consistency via wireless modeling. We inte-

grate a lightweight wireless channel model as an important external

factor that links the software emulator to real-world PHY impacts

of changed RUs, ensuring the generated KPMs remain physically

consistent. Instead of complex ray-tracing [33], we account for both

mobility-induced and stochastic channel dynamics [32]:

SINR(C) = %tx − %!(3 (C)) + -f + � (C) − #0 (1)

with path loss %!(3 (C)), shadowing -f , and fading � (C); mobility

and environment enter via 3 (C) and � (C), respectively (detailed

in §A.4). To map input traces and con�gurations to the wireless

channel model, RANPilot executes a trace-driven parameter tun-

ing procedure: Speci�cally, we tune SINR parameters to match

seed KPM traces, and retain SINR environment parameters for the

recon�gured RU while adjusting distance/mobility parameters to

simulate PHY changes. Overall, this real-KPM-driven generation (❷

in Figure 9) outputs basic synthetic KPM traces that the AI models

and RAN controllers can operate on.

4.2.5 Synthesizing O-RAN Unit Interactions. We next synthesize

the essential RAN unit interactions that reshape the network be-

haviors and drive data drift. (1) Open-interface behaviors.While

software RAN units can be directly updated within the emulator,

the open-interface behaviors that a�ect KPM distribution must be

considered. Speci�cally, we integrate an Open Fronthaul (OFH)

interface contention model as an important external factor that

replays O-RAN interface behavior. When multiple RUs share a

constrained OFH, concurrent packet arrivals can lead to collisions

[48, 80]. To map input traces and con�gurations to the OFH con-

tention model, we calculate the packet loss probability %;>BB as a

function of the aggregate fronthaul throughput ( , derived by the

average throughput per RU times the number of contending RUs.

As ( approaches the interface capacity � , the probability of colli-

sion increases: %;>BB (() = 1 − 4−_ ((/� ) . We use _ = 2, calibrated

from empirical measurements. These collisions trigger higher-layer

retransmissions, which we derive into observable KPM impacts:

increased latency due to backo� timers and a proportional degra-

dation in e�ective UE throughput. (2) Radio control policies.

O-RAN decouples control policies through programmable xApps

[5, 71]. These customizable policies [1] are not mere con�gura-

tion details. They act as �rst-order drivers of data drift during

recon�gurations and reshape tra�c patterns. This AI-in-the-loop

emulation approach enables the model to approximate the empirical

mapping between policy updates and resulting network behaviors.

For AI models that do not directly a�ect network policies or con-

trol loops, the new models are recon�gured in virtual O-RAN for

emulation and model adaptation. The interaction synthesis (❸ in

Figure 9) produces essential but underrepresented network behav-

iors beyond the Vanilla KPM database, mitigating data drift in the

post-recon�guration state.

4.3 Harnessing Network Dynamics

4.3.1 Insight & Solution. The virtual O-RAN can e�ectively gen-

erate target-state KPM traces for new RAN con�gurations, but

network dynamics and cross-scenario variability can be under-

represented. Moreover, the limited quantity of synthetic KPM traces

is insu�cient to train robust AI models and can lead to over�t-

ting. To address these issues, augmenting the synthetic KPM data

is a promising approach to improving both quantity and quality.

Unfortunately, hand-crafted augmentation (e.g., random jittering

or resampling) distorts temporal dependencies and cross-metric

correlations that downstream AI relies on. To tackle this prob-

lem, we propose a continuous meta-augmentation paradigm that

�rst teaches AI models to learn how to augment KPM data and

continuously evolve by dynamically maintaining a con�guration

database as operators plan additional recon�gurations. Figure 10

illustrates the work�ow of our continuous meta-augmentation para-

digm. Given the synthetic KPM data (§ 4.2), the paradigm generates
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Figure 10: Learning-to-augment paradigm to harness net-

work dynamics under evolving con�gurations.

an augmented KPM dataset with enhanced quantity and quality

through four steps: pretraining that captures network dynamics,

meta-learning that learns how to augment, KPM augmentation,

and continual tuning in response to emerging O-RAN recon-

�gurations. This approach captures the intricate spatio-temporal

dependencies inherent in multi-dimensional KPM data.

4.3.2 Capturing Network Dynamics. We pretrain a lightweight,

six-layer Transformer [84] on synthetic KPM data to serve as a

foundation model. Given a KPM sample, this model can predict sub-

sequent KPM segments, which capture diverse network dynamics

that are often deeply buried within KPM data. Speci�cally, we �rst

segment each KPM sample K into a set of slices KB = {:1, :2, · · · }

by truncating the data at varying indices. The KPM data following

each slicing point serves as the ground-truth label. We then feedKB

into the model to predict the next KPM trace and train the model

by minimizing the loss between the predicted KPM and the ground

truth. This method has two main advantages: (1) the entire training

process is autoregressive and self-supervised, eliminating the need

for manual labeling; (2) by generating multiple slices from varying

truncation points, the model can e�ectively learn diverse network

dynamics even from a limited quantity of synthetic KPM data.

4.3.3 Learning to Augment. We redirect the pretrained modelM

to learn how to augment KPM traces across diverse RAN con�gura-

tions via meta-learning [22]. As new RAN con�gurations emerge,

the synthesized KPM data is stored in a progressively updated data-

baseD. For each con�guration T8 inD, we split the KPM traces into

a support setS8 and a query set Q8 . We then perform a meta-update:

a copy of M is trained on S8 and evaluated on Q8 . The evaluation

losses across all con�gurations {T1,T2, · · · } are summed to update

the originalM. This alternating optimization process is repeated

for several epochs until M converges. Such a meta-trained model

M̂ can e�ectively generalize its KPM augmentation capabilities

across various con�gurations.

4.3.4 KPM Augmentation. To perform augmentation, we segment

KPM traces from each con�guration T8 into multiple slices and

leverage the meta-trained model M̂ to generate subsequent KPM

traces in an autoregressive manner (§ 4.3.2). The augmented KPM

data D0
= {D1,D2, · · · }, along with the sliced synthetic data KB ,

are used to retrain the O-RAN AI models prior to physical RAN

recon�gurations.

4.3.5 Continual Tuning. Unlike conventional meta-learning meth-

ods that rely on static datasets, we implement a dynamic, continu-

ous meta-learning based on the progressively maintained database

D. An intuitive approach would be to continuously �ne-tune the

augmentation model M̂ using the entire D as new RAN con�gu-

rations arrive. Nonetheless, we observe that this strategy leads to

intransigence. As the database expands, early-arriving con�gura-

tions are repeatedly sampled during training, causing the model to

over�t to historical data and overshadow recent samples. Conse-

quently, the model exhibits suboptimal adaptability to new RAN

con�gurations. To mitigate this, we adopt a linear decay weighting

scheme during continual tuning. Speci�cally, during loss calcula-

tion, we assign a decay weight of 1/= to each RAN con�guration,

where = represents the cumulative number of times that con�g-

uration has been used for tuning. We select a 1/= decay rate, as

faster-decaying functions penalize historical data too aggressively

and can cause catastrophic forgetting on early RAN states. The

harmonic 1/= decay satis�es standard stochastic approximation

conditions and allows the model to continuously adapt to emerg-

ing con�gurations while retaining historical network behaviors.

Algorithm 1 shows the detailed process.

4.4 Closing Simulation-to-Reality Gap

4.4.1 Insight & Solution. Admittedly, the virtual O-RAN and meta-

augmentation may not be able to cover all possible dynamics in real

diverse scenarios. The real-world nuances could arise from local

implementation details, user behavior, and environmental factors

that cannot be fully captured. An intuitive solution is to adopt

incremental learning [57] that replays useful data to reinforce AI

models. Unfortunately, traditional incremental learning cannot be

applied in O-RAN because useful KPM patterns (capturing data

drift) are sparse and naive replay is dominated by typical KPM

patterns, which could lead to catastrophic forgetting. To remedy

this, we apply a new incremental learning strategy with selective

replay that detects useful, drift-carrying patterns on the �y and

assigns them higher priority during incremental tuning to prevent

forgetting. This allows RANPilot to adapt to real-world data and

close the simulation-to-reality gap.

4.4.2 Module Breakdown. (1) Useful pattern identi�cation. We

�rst de�ne the dominant pattern  3 as the KPM traces that produce

normal inference results from O-RAN AI models (e.g., KPM that

does not trigger alarms in anomaly detection). Then, we adopt

a sliding window of length ; to sequentially slice the incoming

KPM traces. For each KPM slice, we quantify its data distribution

a�nity to the dominant pattern by calculating the Kullback-Leibler

divergence (KLD) [47] between the two KPM traces. A larger KLD

value indicates a greater disparity in data distributions between

the dominant pattern and the current KPM slice. The useful pattern

is then identi�ed as the KPM slice whose KLD value exceeds a

prede�ned threshold g . (2) Selective replay based on weighted

priority assigns di�erent priority weights to distinct KPM slices

for tuning. The underlying rationale is that, as useful patterns in

incoming KPM traces typically yield higher KLD values, we assign

them higher priority for incremental training, while assigning lower
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priority for dominant patterns. Speci�cally, at regular intervals, we

collect C incoming KPM slices  1,  2, · · · ,  C . The priority weight

?8 of  8 is then determined to be equal to its computed KLD value.

Next, the top-1 KPM slices with the highest priority are selected

and stacked into a KPM bu�er of size 1. Once the bu�er is full, we

incrementally train the O-RAN AI model using the priority weight

of each KPM slice during loss calculation. Note that we set C ≫ 1 to

ensure that the collected KPM slices encompass a su�cient variety

of tra�c patterns, with the bu�er containing more useful patterns

than dominant patterns. As such, both types of KPM patterns will

be replayed for incremental training.

5 IMPLEMENTATION

Testbed Setting. We implement RANPilot on the open-source

srsRAN stack [78], utilizing software-de�ned radios (SDRs) and com-

mercial UEs, as illustrated in Figure 11. The UEs include OnePlus

8T and Xiaomi 13 Pro smartphones equipped with programmable

SIM/USIM cards (sysmoISIM-SJA2 [81]). The RAN stack is hosted

on a workstation running Ubuntu 22.04.1 LTS, equipped with an

Intel Xeon(R) E5-2620 v4 CPU (32 GB RAM) and an NVIDIA RTX

4090 GPU (24 GB VRAM). Two USRP X310 SDRs serve as the RUs.

We deploy Open5GS [67] on the same workstation to provide core

network functionality. For control-plane support and AI integration,

we utilize the OSC RIC framework [72]. The KPM augmentation

model contains six Transformer blocks with a batch size of four.

Pre-training the KPM augmentation model on a 1-hour KPM data-

base takes approximately 18 minutes, and continually tuning it on

a 10-minute KPM database after each recon�guration takes around

3 minutes. The GPU VRAN consumption is roughly 1.5GB.

IntegrationwithO-RANArchitecture.RANPilot enforces strict

compute isolation to protect time-sensitive control loops in O-RAN

operation. Only the lightweight KPM collection module is imple-

mented as an xApp within the Near-RT RIC, while the heavy data

synthesis and augmentation modules are deployed entirely in the

Non-RT RIC. In addition to the basic KPMs provided by srsRAN, we

integrate custom hooks [24] into the stack to capture more granular

and informative KPMs every 40ms. Operators con�gure RANPilot

via open APIs, enabling it to leverage the realistic database to emu-

late recon�gured RAN and develop diverse AI functionalities. Once

the new con�guration is online, the updated AI models are immedi-

ately activated to provide robust network control and optimization.

6 EVALUATION

The key takeaways of our evaluations are:

• RANPilot synthesizes KPM traces that faithfully capture system

dynamics and data drifts across various recon�guration types

and deployment environments (§6.2).

• Across three downstream AI use cases, RANPilot substantially

improves AI robustness under diverse O-RAN recon�gurations,

enabling superior plug-and-play performance and dramatically

reducing AI downtime against baselines (§6.3).

• RANPilot incurs modest and practical pre-deployment overhead

across a wide range of recon�guration scenarios and system

topologies (§6.4).

RUs

10GbE

COTS UEs

Host Server

RIC

OSC

CU&DUs

srsRAN

5G Core

Open5GS

Figure 11: 5G testbed with COTS UEs and SDRs.

6.1 Methodology

Setting. We collect over 30 million KPM measurement points in

our testbed, each point includes >60 metrics with details shown

in Table 3. The collected database covers various channel condi-

tions (e.g., indoor and outdoor, low and high mobilities). All results

presented in this section are based on real-world KPM traces and

over-the-air experiments.

Baselines. We compare RANPilot against various representative

baselines along two distinct dimensions:

• Data synthesis: We compare with (1) OWDT [33], a SOTA

O-RAN digital twin that employs ray tracing to model physical-

layer signal propagation and UE mobility; and (2) Calibrated

Noise Augmentation, which synthesizes data by injecting ran-

dom Gaussian noise and temporal shifting, with the variance

calibrated from the seed KPM trace.

• AI adaptation:We compare with (1) TenaxDoS [13], an online

learning framework that incrementally �ne-tunes models us-

ing new KPM data after recon�guration, serving as a standard

continual learning benchmark; and (2) CORAL [79], a domain

adaptation method using a correlation alignment layer to mini-

mize domain shift.

Variants of RANPilot. To assess the contribution of each mod-

ule, we construct distinct ablation variants by disabling speci�c

modules within RANPilot, including Virtual O-RAN (V.), Meta-

Augmentation (M.), and Incremental Learning (I.). We also imple-

ment RANPilot-Lite, which replaces the transformer with a stan-

dard LSTM to test the performance of simpler sequence generators.

6.2 Synthetic Data Fidelity
To quantitatively validate the �delity of the synthesized traces, we

evaluate the data similarity across diverse recon�guration types

and physical deployment environments. Following the metric de-

�ned in §3.2, we quantify data �delity by measuring the maximum

cosine similarity distribution of 2 s intervals across 10 minutes

of synthesized KPM traces, utilizing a post-recon�guration trace

from the operational Live RAN as the ground-truth reference. In

these experiments, the UEs randomly alternate tra�c loads between

video streaming, �le downloads, and iperf UDP tests to generate

realistic, dynamic workloads. Since the Incremental Learning mod-

ule does not contribute to the data synthesis, we use RANPilot-

to represent the ablated variant without the Meta-Augmentation

module in this subsection for simplicity. Additionally, we plot the

similarity distribution of a temporally independent trace from the

post-recon�guration Live RAN to provide a statistical benchmark

for natural temporal variations. RANPilot is evaluated across two
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Figure 12: Quantitative �delity validation across recon�guration types and deployment environments.

O
W

DT

RANPilo
t-

RANPilo
t

Live R
AN

-10

-5

0

5

10

15

20

S
IN

R
 (

d
B

)

(a) SINR

O
W

DT

RANPilo
t-

RANPilo
t

Live R
AN

0

5

10

15

20

T
h

ro
u

g
h

p
u

t 
(M

b
p

s
)

(b) Throughput

Figure 13: Statistics of RANPilot-synthesized network traf-

�c: (a) SINR and (b) Throughput.

physical environments spanning six recon�guration scenarios: an

indoor deployment testing (1) cell addition and (2) handover policy

change, followed by an outdoor deployment testing (3) cell addi-

tion, (4) PHY changes via Tx/Rx gain adjustments, (5) a combined

upgrade modifying both the PHY gains and the PRB scheduling

rules simultaneously, and (6) a complete system migration to a

geographically unserved site. To assess the impact of historical con-

�gurations on Meta-Augmentation, we initiate the augmentation

model at the start of both indoor and outdoor environments (i.e.,

scenario (1) and (3)) and incrementally train it on the databases

from the subsequent con�gurations.

Results. Figure 12 compares synthetic and live RAN KPM distribu-

tions across six scenarios. In the indoor setting, RANPilot closely

matches the live distribution under cell addition (Figure 12(a)). Un-

der handover policy changes (Figure 12(b)), the synthetic KPMs

largely align with the real network, with minor discrepancies. This

slight variation stems from the mismatch between the idealized

state updates and the real timing jitter. This gap is partially miti-

gated by the Meta-Augmentation module, which augments opera-

tional dynamics into the synthetic KPMs. In the challenging outdoor

environment, RANPilot remains robust despite higher tra�c and

channel variability, accurately reproducing post-recon�guration

distributions for both cell addition (Figure 12(c)) and PHY changes

(Figure 12(d)). This robustness arises because site-speci�c propa-

gation and tra�c characteristics are embedded in the seed KPMs,

providing a strong statistical prior for synthesis. For the combined

upgrade involving both PHY and PRB scheduling policy changes

(Figure 12(e)), the �delity degrades slightly, as simultaneous recon-

�gurations introduce multiple interdependent variables into the

emulation loop. The Meta-Augmentation module can mitigate this

gap by leveraging historical recon�guration data to augment the

synthetic KPMs. However, a clear limitation emerges when trans-

ferring to an entirely unserved site (Figure 12(f)), where �delity

drops noticeably. The lack of representative seed KPMs for the
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Figure 14: Time-aligned comparison of RANPilot-

synthesized downlink throughput traces.

new environment constrains the synthesis pipeline, necessitating

post-deployment online calibration.

Following prior work [43], we further illustrate the statistical

characteristics of two representative metrics, SINR and throughput.

Figure 13 shows that OWDT approximates UE mobility and pro-

duces data distributions broadly similar to the live RAN. However, it

lacks the pronounced outliers that re�ect real-world data drift. This

gap arises because OWDT focuses primarily on PHY e�ects and

does not account for system-level interactions such as inter-cell in-

terference, handovers, or other uncertainties. In contrast, RANPilot

achieves higher �delity by jointly modeling RU behavior and inter-

action patterns, enabling it to capture the full spectrum of network

�uctuations. Compared with its ablated variant, RANPilot-, the

full model better reproduces transient variations and drift events,

i.e., key characteristics needed to train robust AI models for O-

RAN. Figure 14 plots the time-aligned downlink throughput after

recon�guration in indoor and outdoor environments. Although

OWDT matches the general trend of the live system, it re�ects an

overly simpli�ed emulation that omits the complex interactions of

dynamic RAN changes. The RANPilot-synthesized KPMs track

the live RAN more closely, capturing the critical �uctuation periods

introduced by updated con�gurations and control policies.

6.3 RANPilot Generalization
We next evaluate how RANPilot generalizes across diverse RAN

recon�gurations and use cases. Speci�cally, we test various recon-

�gurations in daily RAN operations, including hardware additions,

handover policy changes, AI model updates, and topology modi�-

cations, and integrate them into three representative AI-driven use

cases: QoE prediction [93], resource allocation [41], and anomaly

detection [80]. These applications span diverse AI characteristics,

including di�erent model architectures, training paradigms, execu-

tion timescales, and input data modalities. We use two metrics to

benchmark the AI adaptation performance: (1) plug-and-play per-

formance: the performance of AI models immediately after system
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Figure 15: Performance of RANPilot-developed QoE predic-

tor: Interaction QoEs immediately after (a) cell recon�gura-

tion; and (b) handover policy change.

recon�guration, which evaluates the e�ectiveness of synthetic data

on downstream AI robustness; (2) AI downtime: the duration from

the activation of RAN recon�guration till the adapted AI model

achieves 95% of its best performance (denoted as Oracle). For each

recon�guration, we use a 10-minute seed KPM trace to bootstrap

the virtual O-RAN, generate a 10-minute synthetic KPM trace, and

then extend it into a 1-hour KPM trace via Meta-Augmentation. For

fair comparison, all methods use identical model architectures and

di�er only in the training data and adaptation mechanisms.

6.3.1 QoE prediction for mobile video streaming. We evaluate RAN-

Pilot in an adaptive video streaming application, where the QoE

predictor forecasts the next two seconds’ average throughput to ad-

just video bitrates and prevent playback stalls. Following the SOTA

QoE predictor [93], we apply the same RNN model but remove

the input CA parameters for throughput prediction. For calibrated

noise augmentation, we synthesize the same amount of data by ran-

domly injecting calibrated noise and temporal shifts derived from

seed KPM. For the RANPilot w/o V.I., we skip the virtual O-RAN

and directly apply the Meta-Augmentation module to synthesize

the same amount of data based on the seed KPM. We introduce two

successive RAN recon�gurations to assess generalization. The �rst

adds a new cell to the deployment with a default SINR-based han-

dover control policy, altering coverage and UE associations. After

the model adapts to the new deployment, the second recon�gura-

tion upgrades the handover policy to incorporate load balancing,

incorporating both signal strength and UE workload distribution

across available cells. Together, these recon�gurations stress the

QoE predictor under hardware and control policy changes.

Results.We measure application-level QoE immediately after each

recon�guration using stall frequency and achieved bitrate. After the

cell recon�guration (Figure 15(a)). RANPilot achieves the lowest

stall rate (∼2 stalls/min), substantially outperforming Vanilla and

closely approaching Oracle performance. After the handover policy

recon�guration (Figure 15(b)), Vanilla shows partial improvement

as it adapts to the presence of the new cell, but remains highly sen-

sitive to the changed handover logic, resulting in signi�cantly more

playback stalls than Oracle. In contrast, RANPilot consistently

delivers near-Oracle QoE across both recon�gurations. This robust-

ness is enabled by Virtual O-RAN, which incorporates new cell

deployments and handover policies into the training data for proac-

tive adaptation, andMeta-Augmentation, which improves tolerance

to unseen topologies and policy changes by increasing volume and

diversity of synthetic data. These mechanisms enable RANPilot to
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Figure 16: AI downtime of QoE prediction model after di�er-

ent RAN recon�gurations.

quickly align its predictions with evolving RAN conditions, translat-

ing network recon�guration storms into stable end-user streaming

experiences. Notably, simple synthetic pretraining approaches, such

as omitting virtual O-RAN or applying calibrated noise augmen-

tation, perform nearly as poorly as Vanilla. The reason is that the

underlying data drift is driven by RAN unit behaviors and new

control policies that cannot be captured through simple data aug-

mentation. Furthermore, RANPilot-Lite exhibits a performance

degradation compared to the full RANPilot, as the LSTM sequence

generator possesses lower modeling capacity than the Transformer.

Nevertheless, RANPilot-Lite still delivers performance gains over

the variant without Meta-Augmentation.

To compare the recon�guration tax, we measure the downtime

of di�erent AI adaptation strategies after each RAN recon�gura-

tion. As shown in Figure 16, during the �rst recon�guration (cell

addition), the standard continual learning baseline TenaxDoS [13]

requires 29 minutes to converge. Most of this delay (25 minutes)

is spent collecting su�cient high quality data from the recon�g-

ured network before meaningful learning can begin. Adopting the

domain adaptation baseline CORAL [79] o�ers negligible perfor-

mance bene�ts. This failure stems from a fundamental mismatch

between general domain shift and RAN recon�guration data drift:

the data drift between the pre- and post-recon�guration KPM traces

(i.e., the source and target domains) is not a global distribution

shift, but rather a distortion of a small but essential portion of

data, localized to critical execution of updated radio control poli-

cies. Coarse data-level feature alignment is di�cult to mitigate

changes in underlying system behavior. In contrast, even with-

out Meta-Augmentation and Incremental Learning, RANPilot ’s

synthesized data sharply reduces this data-collection phase to 7.9

minutes by exposing the model to the new con�guration in advance.

Adding Meta-Augmentation further reduces the overhead to 2 min-

utes by improving data diversity, while Incremental Learning cuts it

to just 0.9 minutes by prioritizing and reusing the most informative

live samples. As data quality improves, training itself also becomes

faster. End-to-end, RANPilot completes adaptation in 1.7 minutes,

achieving a 94% reduction in downtime compared to the SOTA

baseline. A similar trend appears under the second recon�guration

(handover policy change). The time required to collect useful data

drops from 16 minutes to 6 minutes with Virtual O-RAN, 1.5 min-

utes with Meta-Augmentation, and 0.6 minutes with Incremental

Learning, yielding a 95% reduction in total adaptation time. These

results demonstrate that RANPilot remains e�ective across dif-

ferent recon�guration types, from physical changes (adding cells)

to control-plane changes (handover policies), with each module

contributing a distinct and critical performance bene�t.



RANPilot: Making AI Functionalities Robust to Dynamic O-RAN Reconfigurations SIGCOMM ’26, August 17–21, 2026, Denver, CO, USA

0 10 20 30 40
Time after Reconfig. (min)

15

20

25

30

35

Th
ro

ug
hp

ut
 (M

bp
s)

Baseline
RANPilot w/o M.I.
RANPilot w/o I.
RANPilot
Oracle

(a) Cell recon�guration

0 10 20 30 40
Time after Reconfig. (min)

1

2

3

4

St
al

l F
re

q.
 (p

er
 m

in
) Baseline

RANPilot w/o M.I.
RANPilot w/o I.
RANPilot
Oracle

(b) RL policy change

Figure 17: Performance of RANPilot-developed resource

allocator: (a) aggregate throughput after cell recon�guration;

and (b) stalls after RL policy change.

6.3.2 Resource allocation for multi-user streaming. We evaluate

RANPilot in a multi-user streaming scenario where an RL-based

resource allocation agent manages handovers and PRB assignments

across multiple UEs. Following the SOTA resource allocator [41],

we apply the same RL agent and training method but enlarge the

action space to support handover control. We assess generalization

under two successive RAN recon�gurations. The agent is initially

trained for �le-transfer workloads with a pure throughput objec-

tive. The �rst recon�guration expands the deployment by adding a

new cell, changing the handover topology and interference condi-

tions. After the model stabilizes, we replace �le transfer with AR

streaming, introducing QoE constraints. To support this, the second

recon�guration updates the RL agent’s state with per-UE bu�er

size and penalizes low-bu�er conditions that may cause playback

stalls. We use baseline to denote the Vanilla+TenaxDoS approach,

which applies the Vanilla model after recon�guration and adapts

through continuous learning with real data.

Results. After the cell recon�guration (Figure 17(a)), the baseline

remains suboptimal for an extended period, requiring 26 minutes to

reach Oracle-level throughput. In contrast, pre-adapting the agent

using Virtual O-RAN enables immediate high throughput, reducing

AI downtime to 12 minutes. Adding Meta-Augmentation further

improves robustness to unseen RAN layouts by increasing the di-

versity and generality of synthetic data, lowering downtime to 8

minutes. After deployment, Incremental Learning accelerates adap-

tation using real traces, cutting downtime to only 4 minutes. After

the RL policy change (Figure 17(b)), we see that the baseline requires

21 minutes to minimize playback stalls. Even when initialized with

parameters from the Vanilla model, signi�cant downtime remains

because the RL policy has changed. With RANPilot, AI downtime

drops from 21 minutes to 15 minutes with Virtual O-RAN, 9 min-

utes with Meta-Augmentation, and 3 minutes with Incremental

Learning. Overall, RANPilot maintains AI robustness across both

recon�gurations (i.e., cell addition and AI model update).

6.3.3 Anomaly detection for system diagnosis. We evaluate RAN-

Pilot in an anomaly detection application, where the detector iden-

ti�es anomalous behaviors during RAN operation and reports them

to operators. Following the SOTA anomaly detector [80], we apply

the same model architecture for distribution learning. We study

model generalization under two representative cell recon�guration

scenarios that alter RAN topology: (1) shared-cell deployment, and

(2) dual-cell deployment. For each scenario, we measure accuracy,

recall, and precision to assess the plug-and-play performance.

Method Accuracy Recall Precision Downtime (min)

Vanilla 30.3% 0 0 19.6
RANPilot w/o M.I. 80.4% 92.8% 87.6% 4.7
RANPilot w/o I. 89.1% 95.2% 90.7% 2.9
RANPilot 89.1% 95.2% 90.7% 1.3
Oracle 99.9% 100% 99.9% N/A

Table 1: Performance of RANPilot-developed anomaly de-

tection model on RU contention.

Method Accuracy Recall Precision Downtime (min)

Vanilla 50.1% 86.5% 46.16% 23.7
RANPilot w/o M.I. 88.8% 91.3% 68.08% 6.5
RANPilot w/o I. 97.5% 99.1% 95.37% 4.1
RANPilot 97.5% 99.1% 95.37% 2.4
Oracle 99.8% 99.9% 99.7% N/A

Table 2: Performance of RANPilot-developed anomaly de-

tection model on radio interference recognition.

Results. In the shared-cell deployment, two RUs are connected

to a single DU to extend coverage. This con�guration introduces

contention among tra�c streams from concurrent RUs, resulting

in packet collisions and retransmissions. As shown in Table 1, the

Vanilla model completely fails to detect RU contention anomalies,

yielding zero precision. Even when continuously training after de-

ployment [13], Vanilla requires an average of 19.6 minutes to adapt

to the new con�guration. In contrast, RANPilot reduces the recon-

�guration tax by 93%, recovering Oracle-level performance within

only 1.3 minutes. In the dual-cell deployment, two RUs operate

as independent cells, where over-the-air signal overlap leads to

inter-cell interference. Table 2 summarizes the anomaly detection

performance after this recon�guration. The Vanilla model exhibits

extremely low precision and a high false-positive rate, as it fre-

quently misclassi�es benign inter-cell interference as illegal radio

interference. Correspondingly, Vanilla incurs an average downtime

of 23.7 minutes before stabilizing. By comparison, RANPilot re-

duces downtime by 90%, adapting in just 2.4 minutes. These gains

stem from the complementary roles of RANPilot ’s components.

The Virtual O-RAN and Meta-Augmentation modules proactively

adapt the model using synthetic and augmented traces that antici-

pate post-recon�guration behaviors, while the Incremental Learn-

ing further minimizes residual downtime by enabling rapid online

re�nement. Together, these modules enable RANPilot to achieve

robust plug-and-play performance under recon�gurations.

6.4 Scalability and Overhead
We then evaluate the scalability and overhead of RANPilot in sup-

porting di�erent RAN recon�gurations. Speci�cally, we test four

consecutive recon�guration plans with growing topological com-

plexity: (1) QoE predictor update; (2) cell addition with integrated

handover policy; (3) PHY parameter modi�cation with handover

policy upgrade; and (4) extension of P2 to a four-cell deployment.

For each plan, we �rst extract 10-minute representative KPM traces

from real-world datasets and apply the Virtual O-RAN module to

generate KPMdata consistent with the target recon�gured RAN.We

then invoke the meta-augmentation module to expand the dataset

in both volume and network dynamics, producing one hour of KPM

traces. We record the time overhead incurred at each stage. To eval-

uate sensitivity to UE scale, we conduct experiments using both

real UEs and ZMQ-emulated UEs with varying UE counts.
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Figure 18: Overhead of RANPilot under di�erent (a) recon-

�guration plan and (b) number of UEs.

Results. Figure 18(a) shows that the time overhead of data synthe-

sis grows with the complexity of the RAN topology. In contrast,

meta augmentation incurs a higher overhead (14∼15 minutes) but

increases only marginally as the topology becomes more complex.

The synthesis overhead is driven primarily by topological com-

plexity, whereas the augmentation overhead is dominated by the

generative model’s inference time. Overall, compared to manually

collecting real-world network tra�c, RANPilot reduces the time

required to obtain an equivalent data volume by up to 50%. More

importantly, RANPilot shifts the majority of the data-collection

costs from post-recon�guration to pre-recon�guration, enabling

proactive AI adaptation using synthetic KPMs. Given that recon�g-

uring even small-scale private cellular network [21, 35] can take

hours or days after a plan is �nalized, the additional pre-deployment

overhead introduced by RANPilot is modest and practically ac-

ceptable. Figure 18(b) illustrates the time overhead as the number

of UEs increases. We observe a upward trend in overhead, driven by

the growing complexity of UE behavior emulation. More complex

con�gurations (e.g., P4) exhibit both a higher baseline overhead

and a steeper growth rate, owing to the expanded dimensionality of

the network topology and its interaction with UE dynamics. These

�ndings suggest that for more intricate RAN topologies and larger

UE numbers, RANPilot requires a longer but acceptable bu�ering

period prior to physical recon�guration in order to generate high-

quality data and facilitate robust AI functionality development.

7 DISCUSSION AND FUTUREWORK
Design scope and assumptions. RANPilot is designed to facili-

tate proactive AI adaptation for operator-initiated recon�gurations

within individual base stations, rather than citywide, synchronized

cellular rollouts spanning massive cell sites. Given that typical base

stations operate with 1∼4 cells, our system evaluation is grounded

on a typical O-RAN base station mirroring this cell settings. The

RANPilot’s capability of synthesizing KPM traces and adapting AI

models is based on two assumptions: (1) the seed KPMs harvested

during the pre-recon�guration stage should capture the site-speci�c

complexities of cellular networks (e.g., outdoor nature, number of

users, mobility and tra�c patterns, channel conditions, cell densi-

ties and capacities); and (2) the planned recon�guration only alters

RAN components, whereas external environmental features and

user behavior pro�les remain largely consistent.

Limitations and failure boundary. (1) Seed KPM Consistency:

RANPilot’s data synthesis relies on the empirical consistency of

seed KPMs. A failure boundary emerges when this consistency is

disrupted, such as deploying new RUs in unserved areas or experi-

encing extreme spatial variations (Figure 12(f)). In these scenarios,

the lack of site-speci�c historical tra�c patterns and channel dy-

namics can compromise the �delity of synthetic data. RANPilot

can resolve these inconsistencies after system changes by incremen-

tal learning. (2) Advanced PHY Techniques: modern 5G/6G networks

adopt advanced PHY technologies (e.g., massive MIMO, beamform-

ing, mmWave), which expand the network’s operational and recon-

�guration space. Fully mapping these PHY changes to system-level

performance impacts remains an open challenge. RANPilot ab-

stracts PHY changes into signal strength variations using a simpli-

�ed wireless channel model. Our future work will explore integrat-

ing PHY-foreseeing emulation to support proactive adaptation for

complex PHY policy changes (e.g., beamforming).

Robustness for unplanned changes. RANPilot targets data drift

introduced by planned, operator-initiated RAN recon�gurations,

where network changes are known ahead of deployment. In real-

world operations, unplanned changes may also introduce sudden

or gradual data drift that invalidates deployed AI models. Exam-

ples include sudden CBRS license changes due to higher-priority

incumbents, bursty UE surges triggered by mass gatherings, and

environmental dynamics such as new transmitters/re�ectors that

alter radio propagation. Mitigating such unplanned changes re-

quires orthogonal mechanisms. For example, scaling the training

dataset to encompass diverse unplanned dynamics, thereby en-

hancing the AI model’s inherent robustness, or deploying reactive,

online calibration strategies to �x performance gaps after the drift

is observed [92]. Fully addressing AI robustness under unplanned

network changes requires RANPilot to work together with these

online calibration mechanisms and remains a promising direction

for future work.

AI-native data synthesis. While RANPilot enables proactive AI

adaptation, it still relies on human intervention to bootstrap the

data-synthesis pipeline: operators must explicitly provide recon-

�guration plans via RAN and AI APIs. Looking ahead, the broader

AI-RAN vision [4, 9] for NextG cellular systems aims for a fully

AI-native architecture, in which the RAN autonomously determines

when and how to recon�gure. Realizing such a paradigm would

require the control plane to automatically infer performance bottle-

necks, synthesize candidate recon�guration plans, and seamlessly

trigger RANPilot to generate synthetic KPM data and update de-

ployed AI models, entirely without operator guidance. Our future

work will explore AI-native data synthesis for the evolution of

intelligent, self-optimizing RANs.

8 CONCLUSION
This paper introduces RANPilot, a novel AI evolution framework

that bridges the gap between O-RAN’s architectural �exibility and

rigid AI development paradigm. Unlike conventionalmethods,RAN-

Pilot facilitates proactive adaptation of AI models prior to planned

system upgrades, based on novel virtual O-RAN powered data syn-

thesis. This digital-leado� approach enables robust AI functional-

ities with sustained performance and seamless transition to new

network con�gurations. Extensive evaluations demonstrate the

advantages of RANPilot in reducing AI service downtime dur-

ing RAN recon�guration. We believe RANPilot can potentially

empower more adaptive AI-driven control and optimization in

dynamic O-RAN recon�gurations.
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A APPENDICES

Appendices are supportingmaterial that has not been peer-reviewed.

A.1 Descriptions of KPMs:
• DRB.UEThpDl – Average downlink UE throughput.

• DRB.UEThpUl – Average uplink UE throughput.

• DRB.AirIfDelayUl – Average delay of the downlink air-interface.

• DRB.RlcDelayUl – Average RLC packet delay in the uplink.

• DRB.RlcPacketDropRateDl – Downlink packet drop rate in DU.

• DRB.RlcSduDelayDl – Average delay of downlink SDUs in DU.

• DRB.RlcSduTransmittedVolumeDL – Volume of transmitted downlink data.

• DRB.RlcSduTransmittedVolumeUL – Volume of transmitted uplink data.

• RRU.PrbTotDl – Downlink total PRB usage.

• RRU.PrbTotUl – Uplink total PRB usage.

• RRU.PrbUsedDl – Mean downlink PRBs used for data tra�c.

• RRU.PrbAvailDl – Total available PRBs in downlink.

• RRU.PrbUsedUl – Mean uplink PRBs used for data tra�c.

• RRU.PrbAvailUl – Total available PRBs in uplink.

• slot_decision_latency – Interval between scheduling request and decision.

• slot_k1 – Minimum scheduling time interval in slots.

• pucch_sinr_fm2 – SINR for PUCCH format 2.

• pucch_timeali_us_fm2 – Synchronization time between UE and gNB for

PUCCH format 2.

• pucch_metric_fm1 – Performance metric for PUCCH format 1.

• pucch_sinr_fm1 – SINR for PUCCH format 1.

• pucch_timeali_us_fm1 – Synchronization time between UE and gNB for

PUCCH format 1.

• pusch_tbs – Transport block size for PUSCH.

• pusch_sch_sinr – SINR for scheduled PUSCH.

• pusch_time_us – PUSCH transmission time.

• pdcch_time_us – PDCCH transmission time.

• pdsch_tbs – Transport block size for PDSCH.

• pdsch_time_us – PDSCH transmission time.

• du_ue1_cqi, du_ue2_cqi –Channel Quality Indicator reported by UE1/UE2.

• du_ue1_dl_brate_kbps, du_ue2_dl_brate_kbps – Downlink bitrate for

UE1/UE2.

• du_ue1_dl_mcs, du_ue2_dl_mcs – Downlink MCS indicator for UE1/UE2.

• du_ue1_dl_nof_ok, du_ue2_dl_nof_ok – Successful DL packets for UE1/UE2.

• du_ue1_dl_nof_nok, du_ue2_dl_nof_nok – Failed DL packets for UE.

• du_ue1_dl_failrate, du_ue2_dl_failrate – DL failure rate for UE.

• du_ue1_dl_bs, du_ue2_dl_bs – Downlink bu�er size for UE.

• du_ue1_pusch_snr_db, du_ue2_pusch_snr_db –Uplink SNR for UE PUSCH.

• du_ue1_pusch_rsrp_db, du_ue2_pusch_rsrp_db – RSRP measurements for

UE PUSCH.

• du_ue1_ul_mcs, du_ue2_ul_mcs – Uplink MCS indicator for UE.

• du_ue1_ul_brate_kbps, du_ue2_ul_brate_kbps – Uplink bitrate for UE1.

• du_ue1_ul_nof_ok, du_ue2_ul_nof_ok – Successful UL packets for UE.

• du_ue1_ul_nof_nok, du_ue2_ul_nof_nok – Failed UL packets for UE.

• du_ue1_ul_failrate, du_ue2_ul_failrate – UL failure rate for UE.

• du_ue1_bsr , du_ue2_bsr – Bu�er status reports for UE uplink.

• du_ue1_ta_ns, du_ue2_ta_ns – Timing advance for UE uplink.

• du_ue1_last_phr , du_ue2_last_phr – Power headroom reports for UE

uplink.

KPM Name Category Source

DRB.UEThpDl Wireless Channel Quality Subscription

DRB.UEThpUl Wireless Channel Quality Subscription

DRB.AirIfDelayUl QoS Subscription

DRB.RlcDelayUl QoS Subscription

DRB.RlcSduTransmittedVolumeDL QoS Subscription

DRB.RlcSduTransmittedVolumeUL QoS Subscription

DRB.RlcPacketDropRateDl QoS Subscription

DRB.RlcSduDelayDl QoS Subscription

RRU.PrbTotDl Resource Scheduling Subscription

RRU.PrbTotUl Resource Scheduling Subscription

RRU.PrbUsedDl Resource Scheduling Subscription

RRU.PrbAvailDl Resource Scheduling Subscription

RRU.PrbUsedUl Resource Scheduling Subscription

RRU.PrbAvailUl Resource Scheduling Subscription

slot_decision_latency Resource Scheduling Hooks

slot_k1 Resource Scheduling Hooks

pucch_sinr_fm2 Wireless Channel Quality Hooks

pucch_timeali_fm2 Resource Scheduling Hooks

pucch_metric_fm1 QoS Hooks

pucch_sinr_fm1 Wireless Channel Quality Hooks

pucch_timeali_fm1 Resource Scheduling Hooks

pusch_tbs Wireless Channel Quality Hooks

pusch_sch_sinr Wireless Channel Quality Hooks

pusch_time Resource Scheduling Hooks

pdcch_time Resource Scheduling Hooks

pdsch_tbs Wireless Channel Quality Hooks

pdsch_time Resource Scheduling Hooks

du_ue1_cqi Wireless Channel Quality Hooks

du_ue2_cqi Wireless Channel Quality Hooks

du_ue1_dl_brate Wireless Channel Quality Hooks

du_ue2_dl_brate Wireless Channel Quality Hooks

du_ue1_dl_mcs Wireless Channel Quality Hooks

du_ue2_dl_mcs Wireless Channel Quality Hooks

du_ue1_dl_nof_ok QoS Hooks

du_ue2_dl_nof_ok QoS Hooks

du_ue1_dl_nof_nok QoS Hooks

du_ue2_dl_nof_nok QoS Hooks

du_ue1_dl_failrate QoS Hooks

du_ue2_dl_failrate QoS Hooks

du_ue1_dl_bs QoS Hooks

du_ue2_dl_bs QoS Hooks

du_ue1_pusch_snr Wireless Channel Quality Hooks

du_ue2_pusch_snr Wireless Channel Quality Hooks

du_ue1_pusch_rsrp Wireless Channel Quality Hooks

du_ue2_pusch_rsrp Wireless Channel Quality Hooks

du_ue1_ul_mcs Wireless Channel Quality Hooks

du_ue2_ul_mcs Wireless Channel Quality Hooks

du_ue1_ul_brate Wireless Channel Quality Hooks

du_ue2_ul_brate Wireless Channel Quality Hooks

du_ue1_ul_nof_ok QoS Hooks

du_ue2_ul_nof_ok QoS Hooks

du_ue1_ul_nof_nok QoS Hooks

du_ue2_ul_nof_nok QoS Hooks

du_ue1_ul_failrate QoS Hooks

du_ue2_ul_failrate QoS Hooks

du_ue1_bsr QoS Hooks

du_ue2_bsr QoS Hooks

du_ue1_ta QoS Hooks

du_ue2_ta QoS Hooks

du_ue1_phr QoS Hooks

du_ue2_phr QoS Hooks

Table 3: KPM database collected from srsRAN

An increase in the number of UEs can also increase the dimen-

sionality of the KPM samples. To handle such changes, during the
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Algorithm 1: Continuous meta-augmentation

Input :The KPM set K after data synthesis (§4.2)
Output :The augmented KPM dataset D

1 // ❶ Autoregressive Pretraining

2 Initialize M;

3 K
slice
−−→ KB = {:1, :2, · · · } // KPM slicing

4 for each :8 ∈ KB do

5 : ′
8 = M(:8 ) ; Lpretrain = sim(: ′

8 , :̂
′
8 ) ;

6 Update(M, Lpretrain ) ; Append : ′
8 to :8 → :̂8

7 end

8 // ❷ Meta-Learning

9 for each K8 ∈ D do
10 Split K8 → (S8 , Q8 ) ; M8 = Copy(M) ;

11 LS8
=

∑

:9 ,:̂
′
9
∈S8

sim(:̂ ′
9 ,M8 (: 9 ) ; Update(M8 , LS8

) ;

12 LQ8
=

∑

:9 ,:̂
′
9
∈Q8

sim(:̂ ′
9 ,M8 (: 9 ) ;

13 end

14 Lsum =

∑
Q8 ∈Q

LQ8
; Update(M, Lsum ) → M̂;

15 // ❸ KPM Augmentation

16 for each :8 ∈ KB do

17 D0
8 =

⋃
(D8 = M̂ (:8 ) ) ;

18 end

19 // ❹ Continual Tuning

20 Initialize D = K with dynamic maintenance;

21 Repeat step ❶ – ❸ with linear decay and append D0
8 into D;

22 Update O-RAN AI models using D;

virtual O-RAN trace-driven emulation phase, KPMs are structurally

separated into UE-speci�c and non-UE metrics. The dimensionality

of non-UE metrics does not grow with the number of UEs. For UE

metrics, the virtual O-RAN instantiates an independent, parallel

operational emulator of �xed size for each active UE pro�le. During

the meta-augmentation phase, we handle the input dimensionality

by reshaping the trace matrices. Speci�cally, non-UE metrics are

temporally aggregated into �xed-size summary tracking pro�les,

while UE metrics are mapped as independent, standalone sequence

arrays into the batch dimension, i.e., number of UEs times per-UE

dimensionality.

A.2 Input schema of virtual O-RAN

Table 4 shows the detailed control knobs of the virtual O-RAN.

APIs Input Schema

Topology Graph architecture by adjacency matrix

Cell Con�g

Cell identities (cell_id, pci)

Frequency bands (band)

Adjacent cell (neighborCells)

RAN Unit Con�g

RU (Tx/Rx gain: [0-30])

DU (PRB scheduling: [default/xApp])

CU (Handover: [default/xApp])

xApp A containerized xApp with control logic

Table 4: Control knobs of Virtual O-RAN

A.3 Detailed algorithm of Meta-Augmentation

Algorithm 1 shows the detailed learning process of continuous

meta-augmentation.

A.4 Wireless channel model

%tx denotes the RU transmit power, and the path loss is de�ned

as %!(3 (C)) = %!0 + 10= log10 (3 (C)/30), with %!0 representing the

reference path loss at distance 30 and = the path loss exponent. -f

models log-normal shadowing as a Gaussian random variable with

standard deviation f , while � (C) captures fast fading e�ects, mod-

eled using Rayleigh/Rician distributions depending on NLoS/LoS

dominant signal path. The noise �oor is denoted by #0. Impor-

tantly, RANPilot enables �exible modeling of UE mobility and

deployment environments through customizable parameters: (1)

Mobility Modeling: UE mobility is incorporated by modeling 3 (C)

as a time-dependent function (e.g., 3 (C) = E · C for linear motion),

allowing emulation of diverse mobility pro�les. (2) Environmental

Setting: Parameters = and f are con�gurable to re�ect di�erent

propagation conditions (detailed in Table 5). These parameters are

initially estimated by RANPilot to align with the KPM traces from

the RAN recorder and subsequently adjusted to evaluate perfor-

mance under varying mobility and environmental scenarios. Based

on the computed SINR, the UE derives CQI and RSRP [2] for KPM

reporting. This modeling approach supports su�cient �delity of

wireless channel dynamics required by AI model adaptation, while

maintaining minimal computational overhead.

Environment Path Loss = Shadowing f

Free Space (Ideal) 2.0 0–2

Indoor (LoS) 1.6–2.0 2–4

Indoor (NLoS) 3.0–5.0 4–8

Urban (Dense) 2.7–4.0 6–10

Suburban 2.0–3.0 4–6

Rural (Open) 2.0–2.5 2–4

Table 5: Con�guration of wireless channel parameters

A.5 Sensitivity study of selective replay

To evaluate the sensitivity of RANPilot’s incremental learning

module, we extend the anomaly detection experiment in Table 1 by

varying the hyperparameters introduced in § 4.4.2, including KLD

threshold g , collectionwindow C , replay bu�er1, andwindow length

; . We use the AI downtime required for the AI models to match

Oracle performance as the metric for benchmarking incremental

learning performance. By default, we set g = 0.41, C = 10, 1 = 5,

; = 6.

Results. The impact of KLD threshold g is illustrated in Figure 19(a),

when the threshold is too low (e.g., g = 0.2), the selection criteria

become overly permissive, causing almost all post-recon�guration

traces to be ingested. This collapses the pipeline into conventional

continual learning replay, which uniformly uses all collected data,

diluting vital anomaly features and increasing AI downtime. Con-

versely, when the threshold is too high (e.g., g = 0.6), the �lter

becomes overly restrictive, erroneously discarding representative

abnormal data blocks. This deprives the incremental training set of

critical post-recon�guration dynamics and retards model conver-

gence. The empirical results demonstrate a clear operational sweet

spot at g = 0.41, minimizing AI downtime to approximately 1.3min-

utes. At this optimal threshold, RANPilot maximizes the selection

of highly representative anomaly traces while precisely �ltering
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Figure 19: Sensitivity study of hyperparameters in incremental learning: downtime of anomaly detection model under di�erent

(a) KLD threshold g ; (b) collection window C ; (c) replay bu�er 1; and window length ; .

2 3 4 5 6 7 8 9 10
Amount of seed data (min)

0
10
20
30
40
50
60
70
80
90
100

A
cc

ur
ac

y 
(%

)

(a) Amount of seed data

10 20 30 40 50
Amount of synthetic data (min)

0
10
20
30
40
50
60
70
80
90
100

A
cc

ur
ac

y 
(%

)

(b) Amount of synthetic data

Figure 20: Impact of seed/synthetic data volume on the

trained model accuracy.

out redundant normal data that does not contribute to model adap-

tation. In addition, the collection window C and the replay bu�er

size 1 collectively govern the density of useful patterns extracted

from the real KPM trace. As shown in Figure 19(b,c), decreasing

C or increasing 1 expands the data inclusion range, which dilutes

the proportion of truly useful patterns and degrades downstream

training e�ciency. Conversely, increasing C or decreasing1 narrows

the selection range, potentially overlooking useful data patterns.

Finally, Figure 19(d) shows the impact of the KPM segment sliding

window length ; . A short window fails to capture long-term KPM

sequence dependencies, whereas a long window subsumes a large

volume of normal data, ultimately �ooding the underlying anomaly

patterns and suppressing the KLD score.

A.6 Impact of seed/synthetic data volume

This experiment evaluates how the volumes of both seed and syn-

thetic data a�ect downstream AI model adaptation performance.

Extending the anomaly detection scenario from Table 1, wemeasure

the plug-and-play detection accuracy of the models immediately

upon deployment to benchmark AI adaptation performance. To

assess the impact of seed data volume, we vary the duration of the

baseline KPM traces used to drive the Virtual O-RAN data synthesis

pipeline, while utilizing Meta-Augmentation to expand the total

training set to a �xed 1-hour KPM trace (aligning with the previous

experiment). To evaluate the impact of synthetic data volume, we

�x the seed data to a 10-minute KPM trace and vary the duration

of the synthetic data generated by the Meta-Augmentation module.

Results. As illustrated in Figure 20(a), the plug-and-play accuracy

increases sharply as the volume of the initial seed data scales up-

ward. This trend occurs because brief seed windows fail to capture

a representative distribution of baseline network tra�c characteris-

tics and scheduling dynamics. However, scaling the historical seed

trace to 9 minutes yields a signi�cant performance knee, elevating

the accuracy to an optimal plateau of around 89%. Beyond this

threshold, further expanding the seed data volume yields dimin-

ishing returns. The results indicate that a proper seed KPM trace

containing diverse and comprehensive environmental features is

essential for e�ective data synthesis. Figure 20(b) depicts the impact

of the generated synthetic data volume. Similar to the seed data

dynamics, the plug-and-play accuracy climbs rapidly as the train-

ing set is populated with synthetic traces, crossing the threshold

at 30 minutes of expansion. Beyond this 30-minute threshold, the

accuracy increases only marginally. It demonstrates that further

generative expansion provides diminishing performance gains once

the target distribution space has been robustly synthesized.
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Figure 21: Visualization of KPM distribution.

A.7 Visualization of KPM distribution

To illustrate how RANPilot mitigates data drift and recovers the

KPM distribution, we use t-SNE [83] to visualize the KPM trace’s

data distribution. We collect three sets of segmented KPM traces

in the indoor cell addition experiment: (1) live traces before the

recon�guration; (2) live traces after the recon�guration; and (3)

synthetic traces generated by RANPilot.

Results. As illustrated in Figure 21, after cell addition, the distri-

bution of most post-recon�guration KPM traces aligns with the

pre-recon�guration traces, while a small portion of data exhibits

severe drift (marked by the red circle). The pre-recon�guration

seed traces are entirely absent from this region, meaning that a

model trained purely on raw seed data cannot handle these net-

work variations. RANPilot e�ectively mitigates distribution drift

by emulating RAN behavior and synthesizing KPM traces, thereby

proactively adapting downstream AI models to upcoming out-of-

distribution KPM variations.
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