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Abstract

Accurate and timely solar flare prediction is crucial for
space weather forecasting. However, current opera-
tional systems face a critical performance tradeoff: high-
dimensional image features offer superior accuracy but suf-
fer from processing latency, while low-dimensional mag-
netic features are faster to process but lack high accuracy.
To bypass these data-alignment bottlenecks, we propose
cross-modal decoupled knowledge distillation (CMDKD)
which employs a multimodal disentangled teacher to extract
shared physical invariants during offline training, alongside
asymmetric weighted optimization for extreme class imbal-
ance. Evaluated on the Solar Cycle 24 dataset, CMDKD
effectively injects high-dimensional spatial knowledge into
an ultra-efficient 9D SHARP student model. By transferring
the burden of multimodal integration to the offline training
stage, our distilled single-modal network enables efficient
inference without requiring strict multimodal synchroniza-
tion, performing favorably against traditional baselines.

1. Introduction

Solar flares are highly energetic explosive events that pose
substantial risks to space-based assets, communication sys-
tems and broader space-based remote sensing [10, 14]. Ac-
curate, timely prediction of these rare events is critical for
disaster warnings, but operational forecasting faces a fun-
damental trade-off between predictive sensitivity and in-
ference latency. High-dimensional multi-wavelength im-
age statistics, such as the 176D AARP dataset (compris-
ing 176 physically-interpretable parameters extracted from
AIA active region patches) , offer rich spatiotemporal pre-

cursors but suffer from significant processing delays. Con-
versely, lightweight magnetic parameters such as a refined
9-dimensional SHARP subset of the space-weather HMI
active region patches (SHARP) as illustrated in Figure 1,
provide rapid operational responses but conventionally lack
prediction accuracy.

To bridge this gap, multi-to-single cross-modal knowl-
edge distillation (KD) [6] is promising but faces critical op-
erational blind spots. First, direct cross-modal KD is of-
ten hindered by the modality gap [5] and the shortcut so-
lution [3] problems. Heterogeneous noise misaligns soft
labels, and joint training forces the teacher to prematurely
shrink its capacity, degrading the guidance signal. Second,
standard distillation objectives impose a conservative bias
on rare flare events , prioritizing global accuracy at the cost
of catastrophic missed flares [12].

In this paper, we propose a cross-modal decoupled
knowledge distillation (CMDKD) framework for imbal-
anced solar flare sequences as illustrated in Figure 1.We in-
troduce a modality-disentangling teacher (MDT) that fac-
torizes inputs into modality-specific and common latent
spaces, isolating physical invariants from noise to trans-
fer pure, stable soft labels. Combined with an asymmet-
ric weighted optimization strategy for extreme class imbal-
ance, these pure labels guide the lightweight 9-dimensional
student to establish highly sensitive decision boundaries.

The main contributions are summarized as follows:
• We propose a novel multi-to-single knowledge distilla-

tion framework as illustrated in Figure 2 for solar flare
prediction, successfully empowering a highly constrained
9-dimensional SHARP student with the high-dimensional
spatial topology awareness of multi-wavelength imagery.

• We introduce a representation disentanglement mecha-



(a) Feature extraction process

(b) Class distribution

Figure 1. Overview of the multi-modal feature extraction pipeline
and dataset distribution. (a) Illustration of the multi-modal active
region feature extraction process based on AARP (AIA EUV) and
SHARP (HMI Magnetogram) products. (b) Class distribution of
C1.0+ flares versus non-flare samples across the three test folds.

nism to separate shared physical precursors, effectively
filtering cross-modal noise and preventing teacher degra-
dation during knowledge transfer.

• Our framework breaks the sensitivity-precision bottle-
neck under extreme class imbalance. Experimental re-
sults show that our distilled student achieves a state-
of-the-art TSS of 0.7105(+3.7% relative) and an HSS
of 0.3811(+32.7% relative) over the non-distilled model,
significantly improving the robustness of operational
forecasting.

2. Related Work

2.1. Solar Flare Prediction and Multimodal Inte-
gration

Recent data-driven solar flare prediction encompasses
image-based learning and feature-based learning[9, 11, 13].

While deep learning on raw imagery captures fine spatial
dynamics, feature-based learning remains favored opera-
tionally [4] to avoid the computational overhead of high-
cadence streams. However, current models face a criti-
cal tradeoff. Computing comprehensive spatial statistics
provide high predictive ceilings but introduce significant
processing and cross-instrument synchronization delays.
Crucially, traditional multimodal fusion demands strictly
aligned multi-sensor data during inference—impractical
given asynchronous satellite operations. Conversely, Near-
Real-Time SHARP products offer a rapid pipeline but lack
holistic spatial awareness. Bridging this gap to achieve mul-
timodal performance using only a lightweight 9D SHARP
student remains a challenge.

2.2. Learning under Extreme Class Imbalance
Solar flare prediction exhibits severe class imbalance, with
positive events constituting less than 10% of the data [12].
Because standard objectives prioritize global accuracy at
the cost of missed events, and direct optimization of non-
smooth metrics e.g., TSS triggers gradient instability, we
combine asymmetric weighted cross-entropy with distilled
soft labels to establish a robust, smooth landscape for rare-
event exploration [1].

2.3. Cross-Modal Knowledge Distillation and Dis-
entanglement

Unlike traditional fusion that requires real-time data align-
ment, multi-to-single cross-modal KD distills knowledge
from a high-dimensional teacher to a constrained single-
modal student, completely bypassing synchronization bot-
tlenecks and guaranteeing high-efficiency inference. How-
ever, direct cross-modal KD often suffers from the modality
gap [5] and the shortcut solution problem [3], where joint
training prematurely shrinks the teacher’s representation ca-
pacity.

To solve these issues, representation disentanglement
provides a structural solution. Recent frameworks, such as
the incomplete cross-modal mutual knowledge distillation
(IC-MKD) [11], utilize a modality-disentangling teacher
(MDT) to separate modality-common from modality-
specific features. Theoretical analyses confirm that cross-
modal KD efficacy correlates positively with the transferred
modality-common information. By isolating shared physi-
cal invariants, this disentanglement mechanism ensures the
student receives pure, stable guidance without absorbing
modality-specific noise.

3. Methodology

In this study, we propose a cross-modal decoupled knowl-
edge distillation (CMDKD) framework for predicting solar
flare class C1.0+ within a 24-hour horizon. Crucially, this



Figure 2. Teacher and student model architectures and training process in the CMDKD framework.

architecture is designed to bypass multi-sensor synchro-
nization bottlenecks, enabling timely environmental moni-
toring via an ultra-efficient single-modal inference pipeline.

3.1. Decoupled Teacher Network
To leverage the complementary information of high-
dimensional AARP and low-dimensional SHARP features
without temporal alignment constraints, we construct the
teacher model using a multimodal decoupled training
(MDT) framework [7]. Initially, the 176-dimensional input
xa and 9-dimensional input xs are mapped into a unified
d-dimensional latent space (d = 64) via modality-specific
MLP backbones, generating latent embeddings ha and hs.

Decoupled Representation Learning. To isolate predic-
tive flare precursors from modality-specific noise, each la-
tent embedding hm (m ∈ {a, s}) passes through two dis-
tinct encoding pathways. A modality-specific encoder cap-
tures the intrinsic physical properties unique to modality m,
producing zsm while a shared modality-common encoder
extracts cross-modal precursor signals, yielding zcm.

Reconstruction & Classification. To minimize informa-
tion loss and retain physical meaning, a decoder recon-
structs the original latent vector ĥm by combining the
common and specific representations (zcm + zsm). Con-
versely, the main classification task relies solely on the
fused modality-common features (zca + zcs). Isolating the
classifier from modality-specific features ensures it learns
only shared cross-modal knowledge, which is crucial for
generating high-quality soft labels during knowledge distil-
lation.

Overall Objective Function. The teacher network is op-
timized by a joint loss function combining four components
to learn both decoupled features and robust classification
boundaries:

LMDT = Lclass+αsimLsim+αdiffLdiff+αreconLrecon.
(1)

The hyperparameter settings are detailed in Section 4.
Specifically, the similarity loss (Lsim) aligns common rep-
resentations in a shared space by maximizing their cosine
similarity to capture consistent cross-modal information:

Lsim = 1− cossim(zca, zcs). (2)

The difference loss (Ldiff ) applies soft orthogonality con-
straints to ensure independence between common and spe-
cific representations, forcing the encoders to focus on dis-
joint information:

Ldiff = zca · zsa + zcs · zss + zsa · zss + 3, (3)

where the constant 3 ensures the loss remains non-negative.
To avoid meaningless trivial features and ensure informa-
tion completeness, the reconstruction loss (Lrecon) mini-
mizes the mean squared error (MSE) between original and
reconstructed latent vectors (P = 64):

Lrecon =
1

P

P∑
i=1

(hm,i − ĥm,i)
2. (4)

Finally, the classification loss (Lclass) applies a standard
cross-entropy (CE) loss for the binary flare prediction. Cru-
cially, to provide well-calibrated soft labels for the student,
we do not apply extreme class re-weighting here, delib-
erately preserving the natural probability landscape of the
highly imbalanced data.



3.2. Student Network
Architectural Design and Bottleneck Alignment. The
backbone is an MLP (din → 128 → 64 → 32), equipped
with layer normalization and dropout to stabilize train-
ing under extreme class imbalance. Crucially, the 32-
dimensional penultimate layer structurally aligns with the
teacher’s modality-common representation zc ∈ R32. This
architectural symmetry creates a dedicated transfer channel,
forcing the student to learn modality-invariant physical pat-
terns rather than modality-specific noise.

Objective Functions for Asymmetric Learning. The
student is trained with a composite loss that balances
ground-truth supervision and cross-modal guidance:

Lstudent = LWCE + λ · DKL

[
σ

(
lT
T

) ∥∥∥σ(
lS
T

)]
. (5)

The weighted cross-entropy (LWCE) applies an asym-
metric weight to the positive class, heavily penalizing false
negatives to establish a highly sensitive decision bound-
ary for rare flares. Concurrently, the knowledge distillation
(DKL) term transfers “dark knowledge” by softening the
teacher and student logits (lT and lS) with a temperature
parameter T > 1. This smoothed soft-label guidance acts
as a robust regularizer, bridging the informational gap be-
tween the lightweight SHARP input and the teacher’s high-
dimensional perspective. Ultimately, this enables the stu-
dent to achieve pseudo-multimodal predictive performance
using only a highly efficient single modality during infer-
ence.

4. Experiments and Results
4.1. Experimental Setup
Datasets and Chronological Splitting. We evalu-
ate our framework using the high-dimensional AARP
(176-dimensional) and low-dimensional SHARP (9-
dimensional) datasets, derived from asynchronous satellite
observations spanning Solar Cycle 24 (2010–2018)[2, 8].
To rigorously simulate real-world operational constraints
and prevent data leakage, we adopt a strict chronological
splitting strategy rather than random cross-validation.
The dataset is partitioned into three distinct folds testing
different phases of the solar cycle: Fold 1 (ascending to
maximum), Fold 2 (maximum to declining), and Fold 3
(declining to minimum), as illustrated in Table 1.

Evaluation Metrics. Solar flare prediction is a severely
imbalanced binary classification task, with positive events
accounting for only 5%–15% of the data [12]. Under
such extreme sparsity, standard accuracy (ACC) is heavily
skewed toward the majority class. Therefore, we adopt the

Table 1. Chronological dataset partitioning for the three cross-
validation folds.

Fold Train Validation Test

Fold 1 2010.1 – 2013.12 2014.1 – 2014.12 2015.1 – 2015.12
Fold 2 2010.1 – 2014.12 2015.1 – 2015.12 2016.1 – 2016.12
Fold 3 2010.1 – 2015.12 2016.1 – 2016.12 2017.1 – 2018.12

true skill statistic (TSS) as our primary metric to evaluate
sensitivity to rare events. To comprehensively assess the
model’s ability to balance precision and recall, we supple-
ment our analysis with the heidke skill score (HSS) and the
F1-Score.

Implementation Details. For the teacher network, the
balancing weights are set to αsim = 10, αdiff =
5, αrecon = 10. For the student network, we apply an
asymmetric positive sample weight ω = 20.0 in the WCE
loss. The cross-modal knowledge distillation is governed
by a temperature T = 2.0 and a balancing weight λ = 0.3.

4.2. Comparison with Traditional ML Baselines
To evaluate the predictive performance of the CMDKD
framework, we compare our distilled SHARP student
against three widely-used traditional machine learning
baselines (SVM, Random Forest, and XGBoost), all trained
on the identical 9-dimensional SHARP feature set.

In operational space weather forecasting, optimizing
purely for global Accuracy or F1-Score under extreme class
imbalance yields overly conservative models. For instance,
in Table 2, Random Forest achieves the highest accuracy
(94.25%) but exhibits a catastrophic TSS (0.3535) and re-
call (0.3665), missing most flares and rendering it imprac-
tical. While XGBoost provides a middle ground (TSS =
0.6616) and SVM demonstrates better sensitivity (TSS =
0.6999), these traditional baselines ultimately hit a per-
formance bottleneck inherent to non-distilled single-modal
learning.

Conversely, our proposed distilled SHARP model breaks
this bottleneck to establish a superior operational equilib-
rium. It achieves a state-of-the-art TSS of 0.7105 and a ro-
bust recall of 0.8631, guaranteeing minimal missed detec-
tions. While maintaining competitive overall metrics (accu-
racy = 84.90%, F1-Score = 0.3811), our model firmly pri-
oritizes the True Skill Statistic—the paramount metric in
mission-critical environments where the catastrophic cost
of a missed flare vastly outweighs a false alarm.

4.3. Effectiveness of Cross-Modal Distillation
To evaluate the specific contribution of cross-modal distil-
lation in circumventing data alignment bottlenecks, we di-
rectly compare the distilled student networks against their
baseline counterparts. As shown in Table 3, the “Base”



Table 2. Comparison of our proposed distilled SHARP student
against traditional machine learning baselines. Best results are
highlighted in bold.

Model TSS ↑ HSS ↑ Recall ↑ F1-Score ↑ Accuracy ↑
SVM 0.6999 0.3932 0.8382 0.4537 86.06%
Random Forest 0.3535 0.4427 0.3665 0.4703 94.25%
XGBoost 0.6616 0.4264 0.7661 0.4801 88.64%

Ours (CMDKD) 0.7105 0.3811 0.8631 0.4440 84.90%

Table 3. Effectiveness of cross-modal distillation for both SHARP
and AARP student networks and CMDKD demonstrates the stu-
dent neworks which use teacher-guided KD loss.

Model TSS ↑ HSS ↑ Recall ↑ F1-Score ↑ Accuracy ↑
SHARP (Base) 0.6854 0.2871 0.9235 0.3657 77.37%
SHARP (CMDKD) 0.7105 0.3811 0.8631 0.4440 84.90%

AARP (Base) 0.7364 0.3764 0.8993 0.4400 84.05%
AARP (CMDKD) 0.7454 0.4404 0.8654 0.4949 87.81%

models are trained solely with class-weighted cross-entropy
to combat imbalance, whereas the “CMDKD” models in-
corporate the teacher-guided KD loss.

An analysis of the independent modalities reveals a crit-
ical tradeoff: relying exclusively on class weights forces
naive over-prediction. For instance, the SHARP (Base)
model achieves an exceptionally high recall (0.9235) but
suffers from severe false alarms (HSS = 0.2871). Here,
teacher-guided distillation (CMDKD) acts as a powerful
structural regularizer. By accepting a marginal decrease
in Recall (0.8631), the distilled SHARP model signifi-
cantly curtails false positives, driving holistic improve-
ments: TSS surges to 0.7105, Accuracy to 84.90%, and
HSS to 0.3811. This robust regularization effect extends
to the high-dimensional AARP modality. The distilled
AARP student comprehensively outperforms its base coun-
terpart, improving TSS from 0.7364 to 0.7454 and HSS
from 0.3764 to 0.4404, while achieving a marked F1-Score
improvement (0.4949) and an accuracy peak of 87.81%. .

Ultimately, Table 3 validates the core efficacy of
CMDKD. Relying exclusively on weighted loss functions
yields unbalanced models prone to false alarms. Cross-
modal distillation resolves this by successfully transferring
spatial and physical invariants from the multimodal teacher
to the student. This establishes a vastly superior equilib-
rium between sensitivity and precision, entirely bypassing
the need for synchronized multi-sensor inputs during de-
ployment.

5. Conclusion
In this paper, we proposed the cross-modal decoupled
knowledge distillation (CMDKD) framework to address
modality disparity and extreme class imbalance in space-
based remote sensing. By shifting the multimodal integra-

tion burden entirely to an offline training phase, CMDKD
successfully distills high-dimensional topological insights
from heterogeneous inputs into a lightweight, single-modal
student network. Extensive evaluations demonstrated that
our primary student model, relying solely on 9-dimensional
SHARP parameters, achieved a state-of-the-art TSS of
0.7105 and an HSS of 0.3811. Furthermore, the bidirec-
tional distillation gains observed in AARP single-modal
students confirm the framework’s universality. Crucially,
by empowering accessible 9-dimensional magnetic param-
eters to rival high-dimensional imaging models, CMDKD
provides a highly efficient and deployable solution for real-
time space weather forecasting.

Limitations and Future Work. Currently, our teacher re-
lies on compressed 176-dimensional statistical representa-
tions which restricts the exploitation of fine-grained spa-
tial topologies and continuous temporal dynamics inher-
ent in raw multi-wavelength satellite imagery. Future work
will extend beyond this validation. We plan to integrate
high-resolution raw image sequences and explore advanced
cross-modal distillation frameworks. Leveraging complex
spatiotemporal information, we aim to scale this multi-to-
single distillation paradigm to large-scale real-time Earth
observation and disaster response.
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