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Abstract. JUNO (Jiangmen Underground Neutrino Observatory) is a neutrino

experiment in South China. Its primary goals are to resolve the order of the

neutrino mass eigenstates and to precisely measure the oscillation parameters

sin2
θ12, ∆m2

21
, and ∆m2

31(32)
by observing the oscillation pattern of electron an-

tineutrinos produced in eight reactor cores of two commercial nuclear power

plants at a distance of 52.5 km. A crucial stage in the data analysis is to fit

the observed spectrum to the expected one under different oscillation scenarios

taking into account realistic detector response, backgrounds, and all relevant un-

certainties. This task becomes computationally challenging when a full Monte

Carlo simulation of the detector is directly used to predict the detector response

instead of otherwise used analytical empirical models. It is proposed to use a

neural network to precisely predict the detector spectrum as a function of os-

cillation parameters and a set of detector response parameters. This approach

drastically reduces computation time and makes it possible to fit a spectrum

within a few seconds. This contribution presents the details, performance, and

limitations of the method.

1 Introduction

Neutrino oscillation experiments provide a unique window into the fundamental properties

of neutrinos, such as mass ordering and mixing parameters. Precise measurements of these

properties are vital for understanding the underlying mechanisms of particle physics and

for testing the completeness of the Standard Model. The Jiangmen Underground Neutrino

Observatory (JUNO) [1], with its unprecedented energy resolution of 3% at 1 MeV [2], aims

to contribute significantly to this field. By detecting antineutrinos produced in reactor cores

of nearby nuclear power plants at a distance of 52.5 km, JUNO is expected to resolve the

neutrino mass ordering with better than 3σ significance level [3] and refine our knowledge of

oscillation parameters such as sin2
θ12, ∆m2

21
, and ∆m2

31(32)
at sub-percent precision [4].

Beyond oscillation analyses, the JUNO detector will enable studies of geoneutrinos [5],

solar [6, 7] and atmospheric neutrinos [8], neutrinos from supernova bursts [9], and rare

events such as proton decay [10] or search for dark matter [11]. Importantly, reactor antineu-

trinos serve as a critical background in some of these analyses, emphasizing the necessity of

precise spectrum prediction.
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JUNO’s measurement will be supported by the complementary Taishan Antineutrino Ob-

servatory (TAO) [12], which will monitor the unoscillated reactor spectrum at a distance of

44 m from one of the reactors, providing a benchmark for theoretical models and improving

the reliability of JUNO analyses. This setup ensures that the unexplored fine structures in the

reactor spectrum will not harm JUNO sensitivity to neutrino mass ordering.

Traditional methods for oscillation analyses rely on a parametrized model for detector

response tuned based on Monte Carlo (MC) simulations and calibration measurements [3, 4].

While these methods have been successfully employed, they may miss certain effects not

present in the underlying model. For instance, analytical approaches may oversimplify the

complex detector response. A possible solution would be a direct utilization of MC simula-

tions for the detector response, tuned with calibrations, ensuring better accuracy. However,

this approach demands immense computational resources, especially during iterative fitting.

Neural networks (NNs) have emerged as a promising alternative, offering a balance of speed

and accuracy. Motivated by their success in the KATRIN experiment [13], we explore the

integration of NNs for reactor spectrum fitting and their broader applicability in neutrino

experiments. The key innovation lies in using pre-trained NNs to predict reconstructed spec-

tra directly from oscillation parameters, bypassing the need for computationally expensive

intermediate steps.

2 JUNO detector

The JUNO detector, illustrated in Figure 1, consists of:

• Central Detector (CD) [14] — 20 kt of LAB-based liquid scintillator (LS) contained in

a transparent acrylic sphere with 17.7 m inner diameter and surrounded by an array of

photomultiplier tubes (PMTs) providing 78% coverage. The array includes 17,612 large

(20-inch) PMTs and 25,600 small (3-inch) PMTs. JUNO CD, thanks to the high light yield

and transparency of LS and to high photon-detection efficiency and dense arrangement of

PMTs, provides unprecedented energy resolution of 3% at 1 MeV [2].

• Water Pool (WP) — cylindrical water reservoir equipped with additional 2,400 PMTs,

providing cosmic muon veto and shielding against radioactivity originating from surround-

ing rock.

• Top Tracker (TT) [15] — plastic scintillator strips monitored by PMTs and placed above

WP for additional muon veto and, importantly, to provide a sample of muons to calibrate

WP and CD.

The detector’s spherical geometry and optical properties are optimized to minimize sys-

tematic uncertainties. The liquid scintillator provides high light yield and transparency, while

the dual-PMT system enhances timing, spatial resolution, mitigates uncertainties related to

the electronics non-linearities [16], and extends the dynamic range of JUNO to higher en-

ergies. The WP Cherenkov veto reduces cosmic muon background, and the muon tracker

provides additional redundancy in background suppression.

JUNO is sensitive to neutrinos of different flavors in a wide range across the energy.

Electron antineutrinos emitted in reactor cores are detected via Inverse Beta-Decay (IBD)

reaction:

ν̄e + p→ e+ + n.

Fast energy release of the emitted positron forms the so-called “prompt” signal, carry-

ing the momentum of the original neutrino and providing information about its energy. The

correlated signal detected after the capture of the thermalized neutron forms the “delayed”
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