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Abstract

Characterizing protostellar outflows is fundamental to understanding star formation feedback, yet traditional
methods are often hindered by projection effects and complex morphologies. We present a multimodal deep
learning framework that jointly leverages spatial and spectral information from CO observations to infer
protostellar mass, inclination, and position angle (PA). Our model, trained on synthetic Atacama Large
Millimeter/submillimeter Array (ALMA) observations generated from 3D magnetohydrodynamic simulations,
utilizes a cross-attention fusion mechanism to integrate morphological and kinematic features with probabilistic
uncertainty estimation. Our results demonstrate that Vision Transformer architectures significantly outperform
convolutional networks, showing remarkable robustness to reduced spatial resolution. Interpretability analysis
reveals a physically consistent hierarchy: spatial features dominate across all parameters, whereas spectral profiles
provide secondary constraints for mass and inclination. Applied to observational ALMA data, the framework
delivers stable mass and PA estimates with exceptionally tightly constrained inclination angles. This study
establishes multimodal deep learning as a powerful, interpretable tool for overcoming projection biases in high-
mass star formation studies.

Unified Astronomy Thesaurus concepts: Interstellar medium (847); Molecular clouds (1072); Radiative transfer
(1335); Stellar jets (1607); Stellar winds (1636); Convolutional neural networks (1938); Magnetohydrody-
namics (1964)

1. Introduction

The formation of stars from the gravitational collapse of
dense molecular clouds is a fundamental process that drives
the evolution of galaxies and provides foundations for
planetary systems. During the earliest stages of protostellar
evolution, young stars launch bipolar protostellar outflows that
play a crucial role in removing angular momentum from the
accretion disk, regulating the inflow of material, and injecting
mass, momentum, and energy into the surrounding interstellar
medium (e.g., M. Joos et al. 2012; A. Frank et al. 2014;
J. Bally 2016). This feedback significantly influences both the
structure of molecular clouds and the overall efficiency of star
formation.

Several theoretical models have been proposed to explain
the launching of protostellar outflows, including the X-wind
model (F. Shu et al. 1994) and the magnetic tower model
(D. Lynden-Bell 1996). Among these, the magnetocentrifugal

disk-wind model has emerged as the leading paradigm
(R. D. Blandford & D. G. Payne 1982; R. E. Pudritz &
C. A. Norman 1983). In this model, open magnetic field lines
thread the surface layers of a Keplerian accretion disk,
allowing gas to be centrifugally accelerated outward, forming
a characteristic bipolar outflow composed of a fast, collimated
jet and a slower, wide-angle wind. Once launched, this primary
disk wind sweeps up and accelerates the surrounding ambient
envelope material, producing the massive, entrained outflows
that are most commonly observed in molecular tracers such as
CO. In fact, it is only in the rare cases where rotating
molecular gas is explicitly resolved that the primary disk wind
itself is believed to be directly observed. This mechanism has
been extensively investigated through sophisticated magneto-
hydrodynamic (MHD) simulations incorporating diverse
physical effects and environmental conditions (e.g., R. Ouyed
et al. 2003; O. Gressel et al. 2015; G. Mattia & C. Fendt 2020;
A. L. Rosen 2022).
A growing body of observational evidence, particularly

from high-resolution facilities such as the Atacama Large
Millimeter/submillimeter Array (ALMA), supports this model
in low- and intermediate-mass protostars. Observations reveal
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outflows with rotating molecular gas and conical wind
morphologies, notably in sources such as HH 212 (C.-F. Lee
et al. 2021; J. A. López-Vázquez et al. 2024), L1527 (N. Sakai
et al. 2017), TMC-1A (P. Bjerkeli et al. 2016), DG Tau B
(A. de Valon et al. 2022), NGC 1333 IRAS 4C (Y. Zhang
et al. 2018), and CB 26 (R. Launhardt et al. 2009, 2023). These
findings, which are consistently matched with predictions from
MHD disk-wind theory, suggest that magnetocentrifugal
launching may be a universal mechanism operating across a
broad range of stellar masses. In the high-mass regime, a
prominent example of such physics is the rotating bipolar
outflow associated with Orion-KL Source I, where high-
resolution observations have resolved a clear disk-wind
structure (T. Hirota et al. 2017; J. A. López-Vázquez et al.
2020; M. Wright et al. 2024). This source provides critical
evidence that magnetocentrifugal winds can successfully
remove angular momentum and drive powerful outflows even
in the presence of the intense radiative feedback characteristic
of massive protostars.

Despite these advances, the formation of high-mass stars
remains less well understood due to the scarcity of nearby
examples, their rapid evolution, and strong radiative feedback.
Nevertheless, observations show that massive protostars also
launch powerful, collimated outflows resembling scaled-up
versions of their low-mass counterparts (e.g., D. S. Shepherd
& E. Churchwell 1996; H. Beuther et al. 2004; R. Fedriani
et al. 2019; Y. Zhang et al. 2019a; Y. Cheng et al. 2025).
Among the various theoretical models for massive star
formation, i.e., core accretion, competitive accretion, and
stellar collisions, the Turbulent Core Accretion (TCA) model
(C. F. McKee & J. C. Tan 2002, 2003; Y. Zhang &
J. C. Tan 2011; Y. Zhang et al. 2013, 2014; Y. Zhang &
J. C. Tan 2018) offers a physically motivated extension of low-
mass star formation theory, wherein massive, turbulent,
magnetized, gravitationally bound cores collapse to form
massive stars via disk-mediated accretion (see J. C. Tan et al.
2014, for a review).

To explore the impact and appearance of protostellar
outflows in this model, a series of 3D MHD simulations were
carried out by J. E. Staff et al. (2019, 2023; hereafter Papers I
and II). These simulations follow the collapse of a 60M⊙ core
embedded in a 1 g cm−2 clump, tracking the time evolution of
the disk-outflow system as the protostar grows from ∼1 to
∼24M⊙. The simulations capture both the structural and
kinematic evolution of the magnetocentrifugal disk wind and
its interaction with the infalling envelope, offering a rich,
physically consistent dataset for comparison with
observations.

To bridge theory and observation, Paper III in this series
(D. Xu et al. 2024) conducted radiative transfer post-
processing of the simulations to produce synthetic CO line
emission data, including position–position–velocity cubes and
spectra. These were further processed with CASA to simulate
realistic ALMA observations. The resulting synthetic spectra
were shown to closely reproduce the features of real ALMA-
observed protostellar outflows. By comparing synthetic and
observed spectra, Paper III derived best-fit protostellar masses
and inclination angles for several real systems. However, the
approach was based solely on 1D spectral profiles, without
incorporating the rich morphological information present in
2D integrated intensity maps of the red- and blueshifted
outflow lobes. This limitation motivates the development of

more comprehensive methods that can simultaneously inter-
pret both the spectral and spatial dimensions of the data.
Recent progress in deep learning has provided powerful new

tools for inferring the intrinsic physical properties of
astrophysical systems from observational data. Convolutional
Neural Networks (CNNs) have been successfully applied in
various astronomical contexts, particularly for identifying
complex spatial structures. For example, the Convolutional
Approach to Structure Identification, which is based on CNNs,
has demonstrated the ability to detect stellar feedback features
such as winds and outflows, and to estimate their associated
mass, energy, and momentum from observations (D. Xu et al.
2020a, 2020b). Similarly, CNNs have been used to predict the
orientation of magnetic fields by analyzing gas morphology
(D. Xu et al. 2023a). In addition to CNNs, other machine
learning frameworks such as Denoising Diffusion Probabilistic
Models have also shown strong potential for recovering
physical quantities from observational data that are noisy or
incomplete. These models have been applied to infer a range of
important parameters, including volume density (D. Xu et al.
2023c), the strength of the interstellar radiation field (D. Xu
et al. 2023b), and magnetic field strength (D. Xu et al. 2025),
often with higher accuracy than traditional inversion
techniques.
Despite the success of CNNs, their reliance on local kernels

can limit their ability to capture long-range spatial dependen-
cies in large-scale structures. This has motivated the adoption
of Vision Transformers (ViTs; A. Dosovitskiy et al. 2020),
which utilize self-attention to prioritize global geometric
context. The AstroLinformer framework recently demon-
strated that transformer-augmented models outperform stan-
dard convolutional methods at recovering physical parameters
from degraded images, maintaining high robustness despite
significant noise and resolution loss (V. Vasudev et al. 2025).
Furthermore, as these models move toward deployment on

real observational surveys, the need for rigorous Uncertainty
Quantification has become paramount to ensure scientific
reliability. Modern frameworks increasingly aim to distinguish
between inherent data noise (aleatoric) and model-driven
uncertainty (epistemic; A. Kendall & Y. Gal 2017). Probabil-
istic frameworks like PNet and mixture density networks are
increasingly used to provide calibrated error estimates and
probability density functions for astronomical parameters
(J. Expósito-Márquez et al. 2023; R. Sun et al. 2023). These
approaches allow researchers to navigate physical degenera-
cies and identify when predictions are poorly constrained by
the available data.
Building on these advancements, we introduce a multimodal

deep learning framework designed to infer the physical
properties of protostellar outflows from observational data.
This approach leverages both spatial and spectral information,
enabling the model to jointly capture the morphological and
kinematic signatures of outflows. The framework is trained on
synthetic observations generated from MHD simulations of
massive star formation, which offer physically consistent
datasets with known ground-truth parameters. By learning the
mapping between observational features and intrinsic proper-
ties, the model provides a robust and scalable alternative to
traditional fitting techniques.
As Paper V in this series, following Paper IV’s computation

of radio emission from shock-ionized structures in the outflows
(E. C. Gardiner et al. 2024), this work advances automated,
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data-driven analysis of protostellar outflows. The paper is
organized as follows: Section 2 details the simulation setup,
synthetic data generation, and the multimodal machine
learning architecture; Section 3 presents the results, evaluates
model performance, and provides interpretable analysis of
feature contributions; Section 4 applies the framework to real
ALMA observations; and Section 5 summarizes the key
findings and outlines directions for future work.

2. Data and Method

2.1. Magnetohydrodynamics Simulations

We utilize the 3D ideal MHD simulations from J. E. Staff
et al. (2023), which model a disk-wind outflow from a massive
protostar. These simulations follow the TCA model
(C. F. McKee & J. C. Tan 2003), with boundary conditions
of the simulations tracking the self-consistent evolution of a
protostar growing from 1M⊙ to over 24M⊙ within an initial
60M⊙ core embedded in a clump with Σcl = 1 g cm−2

(Y. Zhang et al. 2014). This bounding pressure sets an initial
core radius of Rc = 0.057 pc. The core is threaded by a
poloidal magnetic field with a total initial magnetic flux of

R1 mG c
2× . To manage the computational expense of

resolving the inner disk over ∼105 yr, the problem is divided
into an evolutionary sequence of quasi-steady states. Because
we directly analyze the simulation snapshots generated by
J. E. Staff et al. (2023), our evolutionary sequence intrinsically
follows the physical parameters summarized in their Table 1,
which details the varying accretion rates, disk radii, and wind
injection properties at each protostellar mass stage. The
original simulation domain covers a single hemisphere of the
outflow, extending from an injection surface located 100 au
above the disk midplane to an outer boundary at a height of
26,500 au from the midplane. For the analysis in this work, we
mirror the simulation domain across the disk midplane
(x1 = 0) to construct a complete, bipolar outflow. Conse-
quently, the central ±100 au region is absent from the mirrored
gas grid; however, because this missing region is entirely
unresolved by the synthesized beam in our simulated ALMA
observations, it does not impact the large-scale outflow
morphology or the subsequent machine learning inference. A
comprehensive description of the MHD simulation setup,
code, and parameters can be found in J. E. Staff et al. (2023).
In this study, we adopt the same simulation snapshots as those
used by D. Xu et al. (2024), corresponding to protostellar
masses of 2, 4, 8, 12, 16, 20, and 24M⊙.

2.2. Synthetic Observations

We use the publicly available radiative transfer code
RADMC-3D (C. P. Dullemond et al. 2012) to generate synthetic
12CO (2–1) spectra under non-LTE conditions. Level popula-
tions are computed based on local density and temperature,
assuming that gas and dust temperatures are coupled. For these
calculations, we assume a constant 12CO abundance of 10−4

relative to H2 and a gas-to-dust mass ratio of 100. This
assumption is valid for the dense regions (nH ≳ 105 cm−3) that
dominate our simulation domain, and dust temperatures are
calculated as described in D. Xu et al. (2024). We also conduct
radiative transfer from 20 different viewing angles, where the
inclination angles are sampled by uniformly spacing the cosine
of inclination angles between 0.025 and 0.975, ensuring even
coverage over the spherical coordinate system. These values
correspond to a range of inclination angles from approximately
12.°8 to 88.°6 relative to the line of sight.
To simulate ALMA observations, we postprocess the

synthetic line data using CASA/simalma, adopting the same
C36-3 array configuration and 210 s integration time as used in
the real observations discussed in Section 4. To diversify the
training set, we include synthetic sources at distances of
500 pc, 1 kpc, and 2 kpc, using 2 kpc as the fiducial setup.
While one real observed source lies at 8.4 kpc (see Section 4),
the model’s input images and spectra are normalized, making
the training process largely insensitive to distance, as also
supported by D. Xu et al. (2024). Figure 1 presents examples
of synthetic outflows generated for various protostellar masses
and inclination angles. Additional collections of synthetic
outflow images are available in D. Xu et al. (2024).
Similarly, Figure 2 displays the corresponding synthetic

12CO (2–1) spectra for these representative models. The
spectral profiles reveal that the viewing geometry plays a
dominant role in shaping the observable kinematics, particu-
larly the high-velocity line wings. As shown in the right panels
for a fixed mass of 12M⊙, varying the inclination angle ( icos( ))
significantly alters the spectral profile. Low-inclination (pole-
on, icos 0.975( ) , i ≈ 12.°8) configurations yield significantly
broader observable velocity wings because the outflowing gas
is directed predominantly along the line of sight. In contrast,
high-inclination (edge-on, icos 0.025( ) , i ≈ 88.°6) views
result in much narrower velocity profiles, as the bulk of the
outflow velocity lies in the plane of the sky. While the
protostellar mass also influences the overall emission intensity
and line shape, reflecting changes in the underlying wind

co
s(

i)
=

0.
42

5
2M 4M 8M 12M 16M 20M 24M

m
*
=

12
M

cos(i) = 0.025 cos(i) = 0.175 cos(i) = 0.325 cos(i) = 0.525 cos(i) = 0.675 cos(i) = 0.825 cos(i) = 0.975

Figure 1. Examples of synthetic 12CO (2–1) integrated intensity maps for outflows with different protostellar masses and inclination angles. Blue represents the
blueshifted outflow lobes (−50 < vblue < −3 km s−1), while red represents the redshifted lobes (3 < vred < 50 km s−1).
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power and envelope density as the system evolves (see left
panels at icos 0.425( ) = , i ≈ 64.°8), its impact on the
maximum extent of the line wings is secondary compared to
the projection effects introduced by the inclination angle.
These strong, inclination-dependent spectral variations provide
the multimodal network with critical kinematic constraints that
complement the spatial morphologies in the integrated
intensity maps.

The input to the machine learning model includes a three-
channel image: blueshifted and redshifted 12CO (2–1)
integrated intensities, along with the total integrated intensity,
each normalized between 0 and 1. To account for missing flux
near the systemic velocity, a common effect in ALMA
observations, and to ensure the model is not overly sensitive
to the precise definition of the central velocity, we employ a
randomized velocity cutoff strategy. The blue- and redshifted
integrated intensity maps are generated using varying exclu-
sion ranges (|v − vlsr| > 3, 5, 8, or 10 km s−1), which mimics
the filtering of low-velocity gas while preserving the large-
scale structure of the outflow lobes. Visual inspection confirms
that the resulting morphologies are robust across these ranges,
allowing the network to learn consistent geometric cues
despite variations in spectral coverage. The corresponding
spectrum is clipped at ± 50 km s−1 and similarly normalized.
To augment the dataset, we implement several strategies in the
data loader: randomly shifting the outflow center in the image,
swapping the blue- and redshifted lobes in velocity, rotating
the outflow by random position angles (PAs), adding Gaussian
noise to the image, and injecting pattern noise from other
outflows to mimic complex structures. The added pattern noise

is at least a factor of 3 weaker than the main signal. In addition,
we introduce random spectral shifts of ±5 km s−1 to simulate
velocity-centering uncertainties commonly encountered in real
observations.

2.3. Multimodal Machine Learning Framework

We present a novel multimodal machine learning frame-
work that jointly processes spatial and spectral data to infer the
physical properties of protostellar outflows. The framework
consists of two main components: an image encoder and a
spectrum encoder. For the image encoder, we adopt widely
used pretrained architectures, including ResNet50 (K. He
et al. 2016) and ViT_L_16 (A. Dosovitskiy et al. 2020), which
are effective at extracting high-level spatial features from
images. To enable a fair comparison across architectures, we
also include ResNet152 and ViT_B_16, which have compar-
able numbers of parameters. In all cases, we use the feature
representations extracted prior to the final classification layer,
thereby preserving the embedded information from the input
images. The spectrum encoder is designed from scratch using a
1D CNN to learn feature representations of the spectral profile,
providing complementary kinematic information. To integrate
these two modalities, we employ a cross-attention mechanism
that fuses spatial and spectral features. The combined represe-
ntation is then passed to a multilayer perceptron (MLP), which
performs the final prediction. To move beyond point estimates
and quantify predictive confidence, we adopt a probabilistic
regression approach. Instead of predicting a single output
value, the model learns the parameters of a Gaussian
probability distribution: the mean (μ) and variance (σ2). This
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Figure 2. Examples of synthetic outflow spectra for different protostellar masses and inclination angles. The upper panels show the spectra in linear scale, while the
lower panels display them in logarithmic scale.
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enables the model to capture aleatoric uncertainty, the
uncertainty intrinsic to the data. For example, noisy spectra
or ambiguous image features naturally lead to higher predicted
uncertainty (larger σ). Since the variance must always be
positive, the network predicts the log-variance s ln 2( )=
instead of σ2 directly. This improves numerical stability and
ensures valid outputs. The model is trained by minimizing the
Gaussian Negative Log-Likelihood (NLL) of the true value y
given the predicted mean μ and log-variance s. After dropping
constants, the loss function for a single prediction is:

L y s y e s, ,
1

2
. 1s2( ) (( ) ) ( )µ µ= +

This formulation encourages accurate predictions (through the
(y − μ)2 term), while allowing the model to adjust its predicted
variance for inputs with higher inherent uncertainty. The final
model thus outputs both predictions and a principled measure
of confidence. An overview of the architecture is shown in
Figure 3. To further enhance robustness to real-world data
imperfections, we introduce a random masking strategy in the
spectrum encoder. During training, random segments of the
input spectrum are set to zero, mimicking missing or corrupted
spectral channels that often arise in observations.

The model is trained to predict three key physical properties
for each input sample: protostellar mass, inclination angle, and
PA. The mass ranges from 2 to 24M⊙, the inclination angle
from 0� to 90�, and the PA from −90� to +90�. All outputs are
normalized to improve training stability. To handle the circular
nature of the PA, we represent it as a two-component vector
using sine and cosine values. This avoids discontinuities near
±90�, which can confuse standard regression.

We follow a progressive fine-tuning approach during
training. In the first stage, we freeze the image encoder and
train only the spectrum encoder, cross-attention module, and
MLP using a relatively high learning rate. After the validation

loss fails to improve for 10 consecutive epochs, we unfreeze
the last layer of the image encoder and continue training with a
lower learning rate. In the final stage, we unfreeze all model
parameters and reduce the learning rate further. Training
continues until the validation error stops decreasing for another
10 epochs. We save the model with the best validation
performance as our fiducial model.
To ensure the network learns robust, physics-based

representations rather than memorizing the discrete simulation
grid, we implement a rigorous data splitting and dynamic
augmentation strategy. To test scale invariance, our training
and validation sets are strictly segregated by source distance:
synthetic models placed at 1 and 2 kpc are used exclusively for
training, while models placed at 500 pc are reserved entirely
for validation and testing. During training, we utilize an “on-
the-fly” data loader that dynamically applies continuous
augmentations to the input images and spectra at each epoch.
These augmentations include adding random noise, convol-
ving the images with random beam sizes (σ between 0.75 and
2.0 pixels for 224× 224 inputs), applying random rotations
(0°–360°), shifting the outflow central position to mimic real-
world centering uncertainties, zooming in and out by up to
20%, and randomly swapping the blue- and redshifted spatial
lobes while simultaneously mirroring the corresponding 1D
spectrum. This dynamic pipeline ensures the model—which
contains ∼27 million parameters in the ResNet50 configura-
tion and ∼307 million in the ViT_L_16 configuration—is
exposed to a virtually infinite number of unique sample
variations, heavily mitigating the risk of overfitting. Con-
versely, the validation and testing sets are evaluated strictly on
raw, unaugmented data. The final testing set comprises 6720
distinct samples, representing every combination of the 7
protostellar masses, 20 inclination angles, 4 velocity cutoff
ranges (±3, ±5, ±8, and ±10 km s−1), and 12 fixed PAs
(sampled every 30°). The training and validation loss curves,

Images

Spectra

Image Encoder

(ResNet50 or ViT)

Spectrum Encoder

(1D-CNN)

Cross-Attention

Prediction 
+ 

Uncertainty
Figure 3. Illustration of the multimodal machine learning architecture. Image and spectrum encoders extract spatial and spectral features, which are fused via a cross-
attention module to produce parameter predictions with associated uncertainties.
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which track the NLL and Mean Squared Error (MSE), are
presented in Appendix A. Our early-stopping protocol
successfully captures the model weights at the global
minimum before overfitting occurs; for instance, the fiducial
ViT model achieved its best performance at epoch 392 with a
validation NLL of −4.927 (comparable to its training NLL of
−4.876) and a validation MSE of 7 × 10−6.

In addition to training our fiducial model on the complete
physical parameter space, we construct a “restricted dataset” to
conduct a controlled stress test of the network’s generalization
capabilities. In this test setup, we deliberately withhold specific
physical configurations from the training phase to evaluate the
model’s performance on entirely unseen data. We specifically
exclude all samples with a protostellar mass of 12M⊙, as this
represents an intermediate evolutionary stage, providing an
ideal baseline to test whether the network can physically
interpolate between lower (8M⊙) and higher (16M⊙) masses.
Similarly, we exclude five evenly spaced inclination angles
(82.°8, 71.°0, 58.°3, 43.°5, and 22.°3, corresponding to cosine
values of 0.125, 0.325, 0.525, 0.725, and 0.925) to evaluate the
model’s geometric interpolation across the full viewing
domain. By removing these parameters, we reduce the total
training sample by 35%. This rigorous hold-out validation
ensures that our assessment of the model’s predictive power
(discussed in Section 3.1) reflects true physical interpolation
rather than overfitting to the discrete simulation grid.

3. Results

3.1. Assessing Model Performance

We evaluate the performance of the trained multimodal
machine learning models using synthetic test datasets,
beginning with an assessment of generalization under limited

training coverage. In this setup, we exclude all samples with a
protostellar mass of 12M⊙ and five specific inclination angles
from the training phase, evaluating the models exclusively on
these unseen parameter combinations. This restricted setup
serves as a rigorous test for generalization; by evaluating the
model on physical configurations that were entirely excluded
from the training set across all simulated distances, we can
distinguish between the network’s ability to interpolate
physical trends and the mere memorization of pixel patterns
from high-resolution counterparts. Figure 4 illustrates the
performance of the ViT_L_16 architecture; for conciseness,
the comparative results for all four model architectures are
detailed in Figure 16 of Appendix B. A common limitation
observed across all models is the discretization of predictions
resulting from the sparse sampling of the physical parameter
space. Consequently, predictions for the unseen 12M⊙ case
tend to cluster around the nearest training grid points (e.g., 8,
16, or 24M⊙). However, the error distributions reveal distinct
behaviors between architectures: ViT-based models system-
atically bias predictions toward 16M⊙, suggesting an ability to
capture the continuous evolutionary progression of outflow
morphology. In contrast, ResNet-based models exhibit
broader, less structured biases, likely reflecting intrinsic
morphological degeneracies exacerbated by beam convolution
and noise. We note that these structured biases are specifically
a consequence of the sparse parameter coverage in this
restricted test setup; as demonstrated in the following
subsection, these degeneracies are effectively resolved when
the architectures are trained on the full physical parameter
space. Despite these challenges in mass and inclination
recovery, the PA remains a robustly diagnosable parameter,
with all four models achieving accurate recovery even for
previously unseen outflow configurations.
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We next evaluate the fiducial models, which are trained on
the full range of protostellar masses and inclination angles
using the 1 and 2 kpc datasets. Testing is conducted on the
reserved 500 pc dataset, utilizing a fixed set of PAs sampled at
30� intervals to ensure consistent evaluation. Figure 5
summarizes the results for the ViT_L_16 model; for concise-
ness, comparative results for all four architectures are detailed
in Figure 17 of Appendix B. Across the board, all models
achieve accurate predictions for mass, inclination, and PA,
characterized by low bias and small uncertainties. Despite
significant differences in model complexity, ranging from ∼27
million parameters for ResNet50 to ∼307 million for
ViT_L_16, overall performance is broadly comparable,
indicating that increasing model size does not yield uniform
improvements. As shown in the Appendix B, ResNet152
slightly underperforms the smaller ResNet50, suggesting
potential overparameterization relative to the training data. In
contrast, the ViT-based models prove more robust to scaling,
with ViT_L_16 outperforming the ResNet architectures,
particularly in protostellar mass prediction.

We then assess model robustness to resolution degradation
by testing performance on synthetic data convolved with
increasingly large Gaussian kernels. Figure 6 illustrates the
performance of ViT_L_16, while comparative results for all
four architectures are provided in Figure 18 of Appendix B.
Although training augmentations included Gaussian smooth-
ing with σ between 0.75 and 2.0 (for 224 × 224 inputs), we
test well beyond this range. All models experience significant
performance degradation when the kernel size exceeds σ ∼ 5,
reflecting the inevitable loss of morphological information at
extreme smoothing levels. However, ViT_L_16 consistently
provides the most stable PA predictions under heavy blurring.
Similarly, ViT_B_16 demonstrates superior generalization
compared to ResNet-based models with equivalent parameter
counts. These results suggest that transformer-based architec-
tures are particularly well-suited for handling unseen observa-
tional conditions and degraded spatial information in
protostellar outflow studies.
Finally, we perform a controlled ablation test to isolate the

contribution of the spectral modality. As detailed in
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Section 2.3, our training strategy involved randomly masking
spectral segments, explicitly encouraging the network to
prioritize spatial features. To evaluate this at inference, we
disable the spectral branch entirely (setting inputs to zero) and
compare performance against the standard multimodal base-
line. Figure 7 illustrates the results for ViT_L_16, while
comparative plots for all four architectures are provided in
Figure 19 of Appendix B. The results reveal architecture-
dependent sensitivities. For ResNet-based models, including
spectra improves inclination angle predictions but slightly
degrades mass estimates, leaving PAs largely unaffected.
Conversely, ViT_B_16 sees a modest improvement in mass
prediction from spectral data with minimal impact on other
parameters. Interestingly, for ViT_L_16, the inclusion of
spectra results in a slight performance dip for both mass and
inclination. This suggests that for this larger backbone, spectral
features may introduce mild confusion under the current
training setup, or potentially reflects test-set variance; regard-
less, PA recovery remains robust across all configurations,
confirming it is driven almost exclusively by spatial morph-
ology. Overall, under moderate blurring conditions (σ ≲ 4),
model performance remains virtually unchanged whether
spectral data is included or not. This behavior is consistent
with our training strategy and corroborates the Integrated
Gradients (IG) analysis in Section 3.2, confirming that spatial
features are the dominant drivers of the predictions.

3.2. Interpretable Analysis of Physical Feature Contributions
in the Multimodal Network

To interpret the decision-making process of our multimodal
neural network and to quantify how specific spatial and
spectral features contribute to both the predicted outflow
properties (the mean, μ) and their associated uncertainties (the
variance, σ2), we employ three complementary interpretability
techniques: Smooth Grad-CAM++, IG, and Occlusion
Sensitivity Analysis. Together, these methods provide insight
into model behavior at different levels, from coarse localiza-
tion of salient regions to fine-grained attribution and direct
causal testing through perturbation.

3.2.1. Smooth Grad-CAM++ Visualization

We first apply Smooth Grad-CAM++, an enhanced
gradient-based localization method, to visualize which regions
of the input images and spectra most strongly influence the
model’s predictions. Compared to standard Grad-CAM, the
Grad-CAM++ formulation incorporates pixel-wise weighting

of higher-order gradients, allowing it to better capture multiple
active regions and complex spatial structures that are
particularly relevant for extended objects such as protostellar
outflows. To further reduce stochastic noise inherent in single-
pass gradient maps, we adopt a SmoothGrad-style approach by
averaging Grad-CAM++ maps over multiple noisy realiza-
tions of the input (N = 10), with gradients explicitly enabled
for our regression targets.
The resulting heatmaps highlight physically meaningful

structures that drive the model’s inference. These include the
central outflow regions (the dense, high-velocity gas immedi-
ately surrounding the protostellar launch site), the cavity walls
(the swept-up material delineating the boundary between the
outflowing gas and the ambient envelope), and the terminal
lobes (the extended, shocked structures at the leading edge
where the outflow impacts the surrounding medium). These
synthetic features correspond directly to structures commonly
seen in real protostellar outflows. For instance, well-defined
cavity walls and terminal bow shocks are prominently
observed in high-resolution studies of low-mass systems such
as HH 212 (C.-F. Lee et al. 2021; J. A. López-Vázquez et al.
2024) and L1527 (N. Sakai et al. 2017), as well as in high-
mass counterparts like Orion-KL Source I (e.g., M. Wright
et al. 2023) and the ALMA targets analyzed in Section 4.
Figure 8 displays representative Grad-CAM++ visualizations
for protostellar mass prediction using the ViT_L_16 model. A
comprehensive comparison, including uncertainty maps and
corresponding results for ResNet50, is available in Figure 20
of Appendix C.
We find that both architectures primarily attend to the

central outflow and cavity regions when predicting mass,
consistent with the expectation that mass is encoded in the
overall spatial extent and intensity distribution of the flow.
However, distinct attention strategies emerge for PA predic-
tion (specifically the cosine term), as detailed in Appendix C
(Figure 21). While the ResNet50 model focuses sharply on the
edges and distal regions of the outflow cavities, ViT_L_16
assigns importance to a broader spatial context, including the
void regions surrounding the outflow. This behavior is
physically intuitive, as the outflow axis is defined as much
by the geometry of the surrounding low-emission regions as by
the emitting material itself.
In principle, spectral information should contribute mini-

mally to PA estimation, since the spectral line shape varies
primarily with protostellar mass and inclination angle, while
remaining invariant under rotation in the plane of the sky.
However, this separation is not always clearly reflected in the
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Grad-CAM++ visualizations. This limitation arises from
several factors. First, Grad-CAM++ operates on intermediate
feature maps rather than directly on input pixels, which can
obscure modality-specific contributions after multimodal
fusion. Second, the use of higher-order gradients makes the
method sensitive to indirect correlations learned during
training, even when those correlations are weak or noncausal.
Finally, because the model jointly predicts both μ and σ,
gradient signals may reflect uncertainty estimation pathways
rather than direct physical dependence. These effects motivate
the use of a more quantitative attribution method, which we
explore next using IG.

3.2.2. Integrated Gradients with Mean Baseline

To obtain pixel-level and channel-level attribution with
stronger theoretical guarantees, we apply IG. This method
assigns an importance score to each input feature by
integrating the gradients of the output along a straight-line
path from a baseline input to the actual input. Unlike gradient-
only methods, IG satisfies the completeness axiom, ensuring
that the sum of all attributions equals the difference between
the model output and its baseline prediction.

We adopt the mean image and mean spectrum of the
training dataset as the baseline, rather than a zero-valued input.
This choice defines a physically meaningful reference state
corresponding to an average protostellar environment, allow-
ing attributions to be interpreted as deviations from typical
conditions rather than from an artificial null input. By
integrating gradients over 30–50 interpolation steps, we obtain
stable and high-resolution importance maps for both spatial
and spectral inputs.

Figure 9 displays representative IG maps for mass
prediction using the ViT_L_16 model. For a complete
comparison, including ResNet50 results, PA predictions, and
associated uncertainty maps, refer to Figures 22 and 23 in
Appendix C. The analysis confirms that for both architectures,
the dominant contributions stem from central outflow regions
and cavity edges. While consistent with the Grad-CAM++
results, IG offers clearer modality separation, revealing that

attributions associated with spectral input are systematically
weaker than those derived from the images. This contrast is
most pronounced in PA predictions, where the spectral
contribution is minimal, and nearly negligible for ViT_L_16.
This behavior aligns with physical expectations, confirming
that the model correctly isolates spatial morphology as the
primary driver for inferring orientation on the plane of the sky.
To assess modality importance statistically, we compute the

average IG attribution across the full test set of 6720 samples
for each predicted quantity. Table 1 summarizes the relative
contributions of image and spectral inputs for the ResNet50
and ViT_L_16 models. In all cases, spatial information
dominates the prediction of physical properties. The spectrum
plays a secondary but nonnegligible role in predicting
protostellar mass and inclination angle, particularly for
ViT_L_16, while its contribution to PA prediction remains
minimal for both architectures.
When examining uncertainty predictions, images again

dominate the IG attributions. However, in some cases, the
spectral input shows increased importance for the uncertainty
associated with PA predictions. This behavior likely reflects
the structure of the probabilistic loss function, in which
uncertainty estimation is coupled to residual errors in the mean
prediction. When spatial cues for PA are strong, the model
may rely on subtle spectral variations to modulate its
confidence, even if those variations are not directly informa-
tive for the angle itself. In addition, uncertainty pathways in
the network can amplify weak correlations that are otherwise
suppressed in mean predictions, leading to higher apparent
spectral importance in σ than in μ.

3.2.3. Occlusion Sensitivity Analysis

Finally, we perform an Occlusion Sensitivity Analysis to
test the causal relevance of the features identified by gradient-
based methods. In this approach, we systematically mask
localized patches of the input image and segments of the
spectrum using the dataset mean, and measure the resulting
changes in both the predicted mean and uncertainty. Unlike
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attribution methods, occlusion directly probes how the
removal of information affects model outputs.

Figure 10 presents representative occlusion sensitivity
results for mass prediction using the ViT_L_16 model. For a
comprehensive comparison, including results for PA and
uncertainty estimates across both ResNet50 and ViT_L_16
architectures, refer to Figures 24 and 25 in Appendix C. The
analysis reveals that both architectures exhibit strong sensi-
tivity to the masking of central outflow regions, cavity edges,
and terminal lobes, confirming the causal importance of these
structures for accurate inference. In contrast, occluding
spectral segments produce comparatively minor changes in
the model output, providing further independent support for
the conclusions drawn from the IG analysis.

The strong agreement across Smooth Grad-CAM++, IG,
and Occlusion Sensitivity Analysis provides robust evidence
that the model’s predictions are grounded in physically
interpretable features of protostellar outflows. Together, these
results demonstrate that the multimodal framework not only
achieves high predictive accuracy but also learns representa-
tions that are consistent with established physical intuition
about outflow morphology and kinematics.

4. Application to Real ALMA-observed Protostellar
Outflows and Uncertainty Assessment

In this section, we apply our trained multimodal machine
learning models to real ALMA observations of protostellar
outflows in order to assess model robustness and physical
plausibility beyond the synthetic domain. We analyze

12CO (2–1) emission from three massive protostellar objects:
G35.20-0.74N (hereafter G35.20; Á. Sánchez-Monge et al.
2013; Y. Zhang et al. 2022), G45.47+0.05 (hereafter G45.47;
Y. Zhang et al. 2019b), and G339.88-1.26 (hereafter G339.88;
Y. Zhang et al. 2019a). Their distances are 2.2 kpc, 8.4 kpc,
and 2.1 kpc, respectively.
The 12CO (2–1) data were obtained with ALMA in the C36-

3 configuration in 2016 (project ID: 2015.1.01454.S), with
baselines ranging from 15 to 463 m and an on-source
integration time of 3.5 minutes per target. The synthesized
beams have major axes of 0.87, 0.90, and 0.93, and minor axes
of 0.83, 0.84, and 0.74 for G35.20, G45.47, and G339.88,
respectively. Data calibration and imaging were performed in
CASA. After standard pipeline calibration, self-calibration
using the continuum was applied to the CO line data, and
imaging was carried out with the tclean task using Briggs
weighting with robust = 0.5. We refer readers to the original
publications for full observational details.

4.1. Rotation-based Evaluation and Uncertainty
Decomposition

To test model robustness and quantify predictive uncertainty
on real observations, we exploit rotational augmentation at
inference time. For each source, we rotate the outflow image
by steps of 3�, producing 120 rotated versions that are
independently passed through the trained models. This strategy
enables us to separate two distinct uncertainty components:
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Figure 9. Same as Figure 8, but showing IG maps for the prediction of outflow mass using the ViT_L_16 model.

Table 1
IG Importance Scores by Modality and Architecture

Mass Inclination PA (cos) PA (sin)

Model Modality Mean Uncert. Mean Uncert. Mean Uncert. Mean Uncert.

ResNet50 Image 0.0466 0.3176 0.0494 0.2245 0.0455 0.1861 0.0520 0.5744
Spectrum 0.0024 0.1229 0.0092 0.0712 0.0018 0.0546 0.0027 0.2187

ViT_L_16 Image 0.1057 9.0 × 10−6 0.0612 1.4397 0.0805 2.3669 0.0792 2.0430
Spectrum 0.0011 1.0 × 10−6 0.0016 0.4006 0.0001 0.1886 0.0001 0.2701

Note. Importance scores represent the Average L2 Norm of the IGs. The “Uncert.” columns refer to the importance attributed to the model’s predicted ln 2( ) for each
physical parameter.
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1. Aleatoric uncertainty, obtained directly from the model
output through the predicted ln 2( ), reflects irreducible
noise inherent to the data, such as finite angular
resolution, instrumental noise, projection effects, and
confusion from overlapping structures along the line of
sight.

2. Epistemic uncertainty, estimated from the dispersion of
predicted means across rotations, captures model sensi-
tivity to input orientation and thus reflects limitations in
model generalization and feature robustness.

Ideally, physical quantities such as mass and inclination
should be invariant under image rotation. Therefore, any
systematic variation in predictions across rotations indicates
residual orientation sensitivity in the learned representations.

Several factors can contribute to rotation-dependent
prediction variability, even for a well-trained model. First,
pixel interpolation during rotation introduces small but
nonnegligible changes in local textures and sharp edges,
which can affect feature extraction. Second, standard
convolution kernels and patch embeddings are not intrinsi-
cally rotation-invariant, meaning that rotated structures
activate different filters or attention patterns. Third, aliasing
of fine-scale ISM substructure can create artificial high-
frequency features after rotation, which the network may
interpret as physical morphology.

For each of the N rotated inputs, the model predicts a
mean μi and variance i

2. We compute the final prediction

and uncertainty as:

N
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This formulation ensures that the total uncertainty remains
large if the model is internally confident but inconsistent under
rotation, providing a more realistic assessment than a single
forward pass.

4.2. Comparison with Previous Estimates

Figure 11 presents the rotation-averaged predictions and
uncertainty decomposition for all three sources. The predicted
masses for the three outflows cluster around ∼12–15M⊙ with
relatively small total uncertainties.
For comparison, R. Fedriani et al. (2023) estimated

protostellar masses of 13–28M⊙ for G35.20, 23–53M⊙ for
G45.47, and 11–42M⊙ for G339.88 based on SED fitting, with
inclination angles of approximately 60° for all three sources.
Their inferred initial core masses are significantly higher,
ranging from ∼80 to over 400M⊙.
The primary source of discrepancy is that our training

simulations assume a fixed initial core mass of 60M⊙. As a
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Figure 10. Same as Figure 8, but showing Occlusion Sensitivity Analysis results for outflow mass prediction using the ViT_L_16 model.
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result, the predicted “protostellar mass” (m*) from our models
should not be interpreted as an absolute physical mass for real
systems, but rather as a proxy for the evolutionary fraction of
the core ( *m Mcore/ ) within the restricted simulation parameter
space. Our interpretability analysis supports this: the feature
importance maps indicate that the network relies heavily on
the spatial morphology of the outflow (e.g., the widening of the
cavity walls) to infer the mass. However, we note that the
outflow opening angle is not strictly a dimensionless geometric
function of *m Mcore/ . Cavity widening is fundamentally a
momentum-driven process that depends strongly on the wind
mass-loss rate and, by extension, the absolute mass accretion
rate (Y. Zhang et al. 2014). Consequently, the model
effectively learns the specific evolutionary sequence—and
the associated momentum-injection history—of a massive
60M⊙ core. This single evolutionary track introduces an
inherent degeneracy between the protostellar mass and the
mass accretion rate, meaning the inference may be biased
when applied to protostars embedded in significantly lower- or
higher-mass envelopes with different accretion histories.
Under this interpretation, the ML-inferred masses for G35.20
and G339.88 are broadly consistent with the evolutionary
stages inferred from SED modeling. In contrast, G45.47
appears more evolved than suggested by SED fitting when
assessed by the stellar-to-initial-core mass ratio, but less
evolved in terms of absolute stellar mass, because its initial
core mass inferred from SED modeling (228–444M⊙;
R. Fedriani et al. 2023) is substantially larger than the fixed
initial core mass adopted in our simulations.

The inclination predictions show more pronounced discrepan-
cies. The models infer G35.20 and G45.47 to be relatively pole-
on (inclinations ∼10�–20�), whereas G339.88 is predicted to be
close to edge-on (inclinations ∼70�–80�). Morphologically,
G339.88 indeed exhibits narrow, well-separated bipolar lobes,
consistent with an edge-on configuration, whereas G35.20 and
G45.47 display broader cavities and more complex structures in
the training simulations associated with low-inclination outflows.
In contrast, SED-based studies tend to infer more edge-on

viewing angles for G35.20 and G45.47. However, SED fitting
is known to suffer from degeneracies between inclination,
envelope geometry, and cavity opening angle, and may not
uniquely constrain outflow orientation. Indeed, discrepancies
between SED modeling and CO spectral profile fitting have
also been reported, particularly for G45.47 (D. Xu et al. 2024).
This highlights that neither approach should be regarded as
definitive in isolation. Furthermore, in the case of G35.20, the
region is known to contain multiple protostellar outflows
(Y. Zhang et al. 2022), which thus impact the results derived
when interpreting as a single, dominant source.
To provide a direct visual validation of these results, we

present Figure 12, which provides a side-by-side comparison
between the real ALMA 12CO (2–1) observations of our three
targets and synthetic counterparts retrieved from the simulation
grid using our predicted physical parameters. While some real
observed outflows, such as G35.20, may only display a single
prominent lobe due to environmental complexities or source
multiplicity, the current machine learning model successfully
identifies the underlying physical structure by finding the closest

G35.20 G45.47 G339.88

Sim Match: M=12M , i=12.8 Sim Match: M=12M , i=12.8 Sim Match: M=16M , i=71.0

Figure 12. Side-by-side comparison of real ALMA 12CO (2–1) observations (top row) and synthetic counterparts (bottom row) retrieved from the simulation grid
using the model’s predicted mass, inclination, and position angle. While stochastic turbulent features prevent a pixel-perfect match, the global morphology and
cavity geometry show strong qualitative agreement.
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global match for mass and inclination. The qualitative agreement
in lobe shape and collimation demonstrates that the model
effectively maps observed morphologies back to the underlying
physical properties of the disk-wind system.

This qualitative approach to validation is necessitated by the
nature of the 3D MHD simulations, in which the envelopes and
outflows undergo stochastic structural evolution. Because
these simulations represent specific physical realizations of a
turbulent core rather than deterministic, pixel-level templates,
the detailed structure of features such as cavity walls or local
intensity fluctuations is not expected to match real-world
sources exactly. Instead, as demonstrated in our interpretability
analysis, the multimodal framework drives its inference from
robust, global morphological markers—such as cavity geo-
metry and lobe extent—that are resolved in the integrated
intensity maps. The visual consistency in these large-scale
features confirms that the model is capturing the fundamental
physical drivers of the outflow rather than overfitting to
stochastic substructures.

4.3. Position Angle as a Robust Validation Metric

A more direct and visually verifiable quantity is the outflow
PA. Figure 13 shows the PA predictions from all four models

for the three sources, along with their epistemic uncertainties.
The mean PAs are broadly consistent across models and align
well with the apparent outflow orientations in the images,
demonstrating that the networks have successfully learned
robust morphological cues associated with bipolar geometry.
While some models exhibit large epistemic or aleatoric

uncertainties for specific sources, others achieve high preci-
sion, indicating that uncertainty is strongly sample-dependent
and model-dependent. The overall consistency in PA predic-
tions, despite domain shift from simulations to real data,
provides encouraging evidence that the models capture
physically meaningful outflow structures rather than over-
fitting to synthetic artifacts.
Together, these results suggest that while absolute physical

parameters inferred from the current models should be
interpreted cautiously due to limitations in the training
parameter space, the models nonetheless extract robust
geometric information from real observations and provide
physically interpretable uncertainty estimates. This supports
the feasibility of extending this framework to more realistic
simulations with broader initial conditions in future work.
Beyond the physical parameters of the training set, a

primary consideration for broader application is the potential
domain mismatch when transitioning between observational
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facilities or molecular tracers. Our model is currently
optimized for the specific spatial frequency and noise
characteristics of ALMA interferometric data, which differ
significantly from the continuous spatial sensitivity of single-
dish telescopes or unfiltered simulation outputs. Furthermore,
the framework is strictly calibrated for the 12CO (2–1)
transition based on the specific excitation and abundance
profiles of our MHD training simulations. Tracers such as SiO,
SO2, or HCO+ involve distinct chemical and excitation
physics, including shock-induced enhancement, selective
depletion, and significantly higher critical densities, that are
not captured in the current model weights. Because these
species often trace higher-density gas or specific shock
conditions, the mapping between their observed intensity and
global parameters like mass or inclination would differ from
that of the more ubiquitous CO emission. Consequently, direct
application to different instruments or tracers could result in
performance degradation due to these differing physical and
instrumental responses. To ensure high fidelity across diverse
setups, a “fine-tuning” or transfer learning step would be
required. This involves recalibrating the pretrained model
using a specialized synthetic dataset processed through the
target instrument’s specific response function or the appro-
priate radiative transfer physics of a new molecular tracer,
allowing the network to adapt to new conditions while
preserving the fundamental physical correlations learned from
the underlying simulations.

5. Conclusions

We have developed a multimodal machine learning frame-
work that jointly exploits spatial and spectral information to
infer the physical properties of protostellar outflows. By
coupling image and spectrum encoders through a cross-
attention fusion mechanism, the model integrates morpholo-
gical and kinematic features in a physically motivated manner.
The framework was trained and validated on synthetic
observations and successfully applied to real ALMA 12CO
(2–1) data. Our main findings are summarized as follows:

1. Across all four backbone architectures evaluated
(ResNet50, ResNet152, ViT_B_16, and ViT_L_16), the
framework accurately recovers protostellar properties;
specifically, when trained on the full parameter space, all
models exhibit low systematic bias, whereas tests on
restricted datasets reveal that Transformer-based archi-
tectures are more robust to morphological degeneracies
than ResNet models.

2. Model performance degrades gradually as spatial
resolution is reduced via Gaussian smoothing. However,
Vision Transformer-based models, particularly
ViT_L_16, demonstrate superior robustness under strong
blurring. This suggests that the self-attention mechanism
is more effective than traditional convolutions at
preserving global outflow geometry when fine-scale
morphological structures are suppressed.

3. Interpretability analyses using Smooth Grad-CAM++,
IG, and Occlusion Sensitivity reveal a physically
consistent dependency: spatial features dominate the
prediction of all parameters, while spectral profiles
provide critical secondary constraints for mass and
inclination. The minimal contribution of spectra to PA
estimation aligns with physical expectations, confirming

that the model has learned meaningful modality-specific
physical correlations.

4. When trained on sparse parameter spaces, ViT-based
models show a significantly stronger ability to interpolate
physical trends compared to ResNet architectures. This
suggests that Transformers are better suited for capturing
the continuous evolution of outflows rather than merely
memorizing discrete sampled values.

5. By employing a rotation-based uncertainty decomposi-
tion on ALMA data, we successfully separated aleatoric
(data-driven) and epistemic (model-driven) contribu-
tions. We find that mass estimates remain relatively
stable, whereas inclination and PA exhibit larger
epistemic scatter in complex sources, providing a more
rigorous and realistic measure of model confidence than
single-pass predictions.

6. For the analyzed ALMA sources, inferred protostellar
masses cluster between 12 and 15M⊙. These values are
lower than traditional SED-based estimates, reflecting
the 60M⊙ initial core mass constraint of the training set;
thus, these results are best interpreted as indicators of the
evolutionary stage. While recovered PAs show excellent
agreement with visual morphology, inclination angles
exhibit larger discrepancies, highlighting the inherent
degeneracies between viewing geometry and evolution-
ary effects.

Overall, this work demonstrates that multimodal learning
provides a physically interpretable and scalable approach for
linking observed outflow signatures to underlying protostellar
properties. However, it is vital to explicitly acknowledge the
physical limitations inherent to the current training dataset.
Most notably, because the underlying MHD simulations utilize
a fixed initial core mass of 60M⊙, the model is trained on a
single evolutionary track. Consequently, the predicted proto-
stellar mass (m*) is degenerate with the mass accretion rate
and primarily acts as a proxy for the evolutionary stage
( *m Mcore/ ) of a massive core, rather than representing a
universal absolute mass. Furthermore, the current framework
is trained exclusively on synthetic 12CO (2–1) emission. While
bounded by these physical and observational constraints, the
framework is modular. Future expansions of the simulation
grid to include varied initial core masses and envelope
densities, combined with targeted transfer learning for
additional molecular tracers, will break these physical
degeneracies. Ultimately, these developments will facilitate
the automated, physically informed analysis of large-scale
ALMA surveys and future high-resolution facilities.
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Appendix A
Training Dynamics and Learning Curves

To provide transparency regarding the model training
process and to demonstrate the convergence stability of our
multimodal framework, we present the learning curves for
both the ViT_L_16 and ResNet50 architectures. Figures 14
and 15 display the evolution of the Gaussian NLL for both the
training and validation sets, alongside the validation Mean
Squared Error (MSE) plotted on a logarithmic scale.

As detailed in Section 2.3, our training procedure utilizes a
progressive fine-tuning strategy combined with heavy, on-the-
fly data augmentation. During the initial training phases, the
models rapidly optimize the NLL loss on the training data.
Because the NLL loss function evaluates both the predicted
mean and the predicted log-variance (s ln 2( )= ), the network
can initially become overly confident, predicting artificially
narrow variances for the training set. When applied to the
unseen validation set, this overconfidence temporarily drives
up the validation NLL, despite the underlying validation MSE
remaining relatively stable.

However, at the scheduled learning rate decay and layer
unfreezing milestones, the network successfully recalibrates its
uncertainty estimations. This recalibration is visually evident
in the learning curves as sudden, sharp drops in the validation
NLL, accompanied by corresponding decreases in the valida-
tion MSE. These drops indicate that the models have escaped
local minima and successfully generalized to the valida-
tion data.

Our early-stopping protocol is designed to capture the model
weights exactly at these global minima, halting the training
process before long-term overfitting can degrade performance.
For the fiducial ViT_L_16 framework (Figure 14), the lowest
validation NLL was achieved at Epoch 392, yielding a
validation NLL of −4.93, an associated training NLL of
−4.88, and a validation MSE of 7 × 10−6. Similarly, the
ResNet50 framework (Figure 15) reached its optimal perfor-
mance at Epoch 4273, with a validation NLL of −4.61, a
training NLL of −4.25, and a validation MSE of 9 × 10−6.
The tight alignment between the training and validation NLL

at these specific stopping epochs confirms that the networks
are well-calibrated and have learned robust physical repre-
sentations rather than memorizing the discrete simulation grid.

Appendix B
Comparison of Performance for the Four Models

Figures 16–19 compare the performance of ResNet and ViT
architectures. We find that ViT models generally offer superior
generalization on unseen parameters and greater robustness to
spatial resolution degradation (Figure 18). Additionally,
ablation studies (Figure 19) confirm that spatial morphology,
rather than spectral kinematics, is the dominant driver of the
inferred physical parameters, with spectral omission having
negligible impact on accuracy for moderate smoothing.
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Figure 14. Learning curve for the ViT_L_16 multimodal model. The plot
shows the training NLL (blue solid line), validation NLL (red solid line), and
validation MSE (green dashed line, logarithmic scale on the right axis) as a
function of training epoch. The sharp drop near epoch 350 corresponds to a
scheduled learning rate decay and layer unfreezing, leading to the optimal
model weights saved at Epoch 392.
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Figure 17. Same as Figure 16, but for models trained on the full range of protostellar masses and inclination angles.
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Appendix C
Gallery of Model Interpretability Visualizations

In this section, we present a comprehensive gallery of
interpretability visualizations comparing the decision-making
processes of the ResNet50 and ViT_L_16 architectures. We
display Smooth Grad-CAM++ attribution maps for pre-
dicted outflow mass and the cosine component of the PA,
along with their respective uncertainty estimates, in
Figures 20 and 21. Complementing these, we provide
pixel-level attribution via IG for the same parameters in

Figures 22 and 23. Finally, the results of the Occlusion
Sensitivity Analysis are presented in Figures 24 and 25,
verifying the causal importance of the identified spatial
features.
Collectively, these complementary visualizations confirm

that the models drive their inference from physically mean-
ingful spatial structures, such as cavity walls and terminal
lobes, providing robust evidence that the learned representa-
tions are grounded in the actual physical morphology of the
outflows rather than observational artifacts.
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Figure 18. Performance of four machine learning models on synthetic data convolved with progressively larger Gaussian kernels. From left to right, panels show
results for protostellar mass, inclination angle, and position angle, including predicted means, total uncertainties, and epistemic (model) uncertainties. The total
uncertainty is computed as the quadrature sum of epistemic and aleatoric (data) uncertainties.
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Figure 19. Comparison of model performance for two input configurations: multimodal (images + spectra) and image-only, evaluated on synthetic data with
progressively increased Gaussian smoothing.
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Figure 21. Same as Figure 20, but for Grad-CAM++ visualizations of one component of the position angle (the cosine term) and the corresponding uncertainty
prediction.
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Figure 22. Same as Figure 20, but showing Integrated Gradients maps for the prediction of outflow mass and its associated uncertainty using the ResNet50 (left
panels) and ViT_L_16 (right panels) models.
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Figure 20. Grad-CAM++ visualizations for outflow mass prediction and its associated uncertainty using the ResNet50 (left panels) and ViT_L_16 (right panels)
models. In each subplot, the background shows the corresponding test outflow input, image (left) and spectrum (right). The upper row displays the attribution maps
for mass prediction, while the lower row shows those for mass uncertainty prediction. The overlaid heatmaps indicate regions that contribute most strongly to the
inferred quantities.
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Figure 24. Same as Figure 20, but showing Occlusion Sensitivity Analysis results for outflow mass prediction and its associated uncertainty using the ResNet50 (left
panels) and ViT_L_16 (right panels) models.
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Figure 23. Same as Figure 22, but showing Integrated Gradients maps for one component of the position angle (the cosine term) and its associated uncertainty.
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Figure 25. Same as Figure 24, but showing Occlusion Sensitivity Analysis results for one component of the position angle (the cosine term) and its associated
uncertainty.
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