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Abstract

Strong gravitational lensing is a powerful tool for probing the internal structure and evolution of galaxies,
the nature of dark matter, and the expansion history of the Universe, among many other scientific applications.
For almost all of these science cases, modeling the lensing mass distribution is essential. For that, forward
modeling of imaging data to the pixel level is the standard method used for galaxy-scale lenses. However, the
traditional workflow of forward lens modeling necessitates a significant amount of human investigator time,
requiring iterative tweaking and tuning of the model settings through trial and error. An automated lens-
modeling pipeline can substantially reduce the need for human investigator time. In this paper, we present
DOLPHIN, an automated lens-modeling pipeline that combines artificial intelligence with the traditional
forward-modeling framework to enable full automation of the modeling workflow. DOLPHIN uses a neural
network model to perform visual recognition of the strong lens components, then autonomously sets up a lens
model with appropriate complexity and fits the model with the modeling engine, LENSTRONOMY. Thanks to the
versatility of LENSTRONOMY, DOLPHIN can autonomously model both galaxy–galaxy and galaxy–quasar strong
lenses.

Unified Astronomy Thesaurus concepts: Astronomy software (1855); Astronomy data modeling (1859); Strong
gravitational lensing (1643); Neural networks (1933)

1. Introduction

Strong lensing occurs when a massive object, such as a
galaxy or galaxy cluster, lies between a distant light source and
an observer. The gravitational field of the massive object bends
the light from the source, creating multiple images of the
source for the observer. The positions and shapes of these
images depend on the mass distribution of the lensing object
and the geometric configuration of the lens, source, and
observer. Consequently, strong lensing is a powerful tool for
probing several key questions in cosmology and astrophysics.
For example, it provides a unique opportunity to study the
internal structure and evolution of galaxies at intermediate
redshifts (z ∼ 0.5; A. J. Shajib et al. 2024), the nature of dark
matter (S. Vegetti et al. 2024), and the expansion history of the
Universe (S. Birrer et al. 2024).

Imaging data, particularly in infrared to ultraviolet wave-
lengths, provides the most accessible type of strong-lensing
observables in terms of telescope time usage. Traditionally,
forward modeling of this imaging data to constrain the mass
distribution of the lensing object is an essential step for almost
all the science applications of strong lensing. At the galaxy

scale, it is a standard procedure to model the imaging data up
to the pixel level. In contrast, at the cluster scale, the lensing
observables are summarized into astrometric positions of the
lensed galaxies or knots for constraining the lensing mass
distribution. Several forward-modeling software programs are
used in the literature, for example, LENSTRONOMY (S. Birrer
& A. Amara 2018; S. Birrer et al. 2021), PYAUTOLENS

(J. Nightingale et al. 2018), GLEE (S. H. Suyu et al. 2010),
GLAFIC (M. Oguri 2010), and LENSTOOL (J.-P. Kneib et al.
2011). On top of being computationally intensive, forward
modeling of strong-lensing imaging data is also a time-
consuming process requiring significant human intervention.
The process involves several steps, such as visual identifica-
tion of the lens and source components, selection of
appropriate model components for them, and the evaluation
of goodness of fit, which may lead to further fine-tuning of the
model setup, with all these steps potentially repeated many
times until a sufficiently good lens model is achieved (e.g.,
A. J. Shajib et al. 2019).
The significant requirement of investigator time for lens

modeling has motivated the development of automated
techniques that can perform the modeling process more
efficiently. In particular, ongoing and upcoming large-area
sky surveys such as Euclid, the Rubin Observatory Legacy
Survey of Space and Time (LSST), and the Roman Space
Telescope will increase the sample sizes of known lenses by 2
orders of magnitude or more (M. Oguri & P. J. Marshall 2010;
T. E. Collett 2015; K. T. Abe et al. 2025), making automated

The Astrophysical Journal, 992:40 (9pp), 2025 October 10 https://doi.org/10.3847/1538-4357/adf95c
© 2025. The Author(s). Published by the American Astronomical Society.

7
NHFP Einstein Fellow.

Original content from this work may be used under the terms

of the Creative Commons Attribution 4.0 licence. Any further

distribution of this work must maintain attribution to the author(s) and the title
of the work, journal citation and DOI.

1



lens-modeling algorithms essential. For example, a decision-

tree-based algorithm (A. J. Shajib et al. 2019) can be used to

automate the fine-tuning of the model setup (e.g., T. Schmidt

et al. 2023 using LENSTRONOMY; S. Ertl et al. 2023 using

GLEE; automated selection of a subset of the model settings

and the subsequent optimization is also performed by

PYAUTOLENS). However, these automated algorithms still

require a set of initial inputs from a human investigator to

initiate the lens model before successfully obtaining a good

lens model. Recently, machine learning (ML) algorithms have

also been used for the extraction of the lens model parameters

or parameters that directly relate to galaxy properties or

cosmology (e.g., Y. D. Hezaveh et al. 2017; J. Poh et al. 2022;

S. Erickson et al. 2025; Euclid Collaboration et al. 2025).
These ML algorithms have built-in automation, given that,

once properly trained, the neural networks (NNs) can extract

the parameters without further human intervention in the

extraction process. However, for accurate and precise para-

meter extraction, a significant amount of effort and time

investment from a human investigator may not be avoided

when preparing the training data set.
In this work, we present DOLPHIN

8 (A. J. Shajib et al.

2025b), an automated lens-modeling pipeline that integrates
artificial intelligence (AI) with forward modeling, offering a
hybrid approach for fully automating the lens-modeling
process. DOLPHIN uses an NN to perform visual recognition
of the strong lens components to inform setting up an
optimal lens model, which is then fitted with a conventional
forward-modeling software program. DOLPHIN uses LENSTR-

ONOMY as its modeling engine, which is a versatile and
efficient software package for modeling strong lenses.
Furthermore, LENSTRONOMY

9 has the unique combination of
being open-source while being capable of modeling both
galaxy–quasar and galaxy–galaxy lens systems. Thus, DOL-

PHIN, while also being open-source, leverages the unique
features of LENSTRONOMY to provide an automated
modeling pipeline for both galaxy–quasar and galaxy–galaxy
lenses. DOLPHIN has been first developed and applied on
samples of the galaxy–galaxy lenses in a semiautomated mode,
where the visual recognition was performed by human
modelers to set up the lens models (A. J. Shajib et al. 2021;
C. Y. Tan et al. 2024). In this paper, we complete the AI
module of DOLPHIN to transform it into a fully automated
modeling pipeline.

Our presented methodology to fully automate lens model-

ing by combining AI with a forward-modeling framework is

the first in the literature. This hybrid approach has several

advantages over purely ML-based approaches. First, our

approach still uses the conventional forward-modeling

approach for the final optimization of the lens model, which

is a well-established and reliable method for lens modeling.

This approach is based on the full likelihood of the data,

which leads to an optimal extraction of the information.

Second, although the NN approach will be paramount for

sample sizes of ( )O 105 , our automated hybrid approach will

provide a way to validate these NN-based models for a

smaller subset with the traditional forward-modeling

approach.

The paper is organized as follows. In Section 2, we provide
an overview of DOLPHIN’s workflow and associated modules
and demonstrate its automated modeling capability with an
example lens system. In Section 3, we describe DOLPHIN’s AI
that is trained to perform visual recognition of lens
components in the imaging data. We conclude the paper with
a discussion in Section 4.

2. Overview of DOLPHIN’s Workflow

In this section, we briefly describe the workflow of
DOLPHIN and the associated modules. The overview of
DOLPHIN’s workflow is illustrated in Figure 1. The pipeline
is designed to be fully automated, where the user is only
required to provide the imaging data and the initial or accurate
point-spread function (PSF) applicable for the lens systems to
be modeled. We give an overview of the main modules in
Section 2.1, describe the fitting recipes in Section 2.2, and
provide an example of lens modeling with DOLPHIN in
Section 2.3.

2.1. Description of the Main Modules

In this section, we provide a general overview of the
workflow of DOLPHIN’s automated modeling procedure.
DOLPHIN consists of three main modules as illustrated in
Figure 1.

1. ai. This module contains an NN model for semantic
segmentation, that is, identifying the lens components
in the imaging data and classifying them. The segmenta-
tion is then processed by the ai.Modeler class to set
up an optimal lens model. This setting up of an optimal
model is largely based on the decision tree algorithm
developed by A. J. Shajib et al. (2019). Effectively, ai.
Modeler extracts the numbers and positions of the lens
system's components (e.g., the central and satellite
deflectors, the quasar images) from the segmentation,
then sets up the model incorporating these components,
and finally saves the model configuration in a config.
yaml file.

2. processor. This module takes the provided model
setup, and the class processor.Config sets up the
lens model in the specifications required by LENSTR-

ONOMY. Then, this module optimizes the model using
optimizers such as the Particle Swarm Optimization
(PSO; J. Kennedy & R. Eberhart 1995) and samples
from the model posterior using the Markov Chain
Monte Carlo (MCMC) method. The PSO optimization
routine is crafted in the processor.Recipe class,
which guides the initial optimization of the lens model
for a more efficient convergence toward a stable
solution (described in Section 2.2). The class pro-
cessor.Processor then runs the fitting recipe for
the given model configuration and saves the model
output.

3. analysis. This module (i.e., the class analysis.
Output) provides some quality-of-life tools to analyze
the results of the lens modeling, such as the goodness of
fit, the convergence of the optimizer, and the distribution
of the lens model parameters.

8
https://github.com/ajshajib/dolphin

9
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2.2. Fitting Recipes

Although a single PSO optimization can, in principle,

provide a solution after a sufficient number of iterations, the

convergence speed of the optimizer can be improved by using

a fitting recipe that guides the optimization process. For

example, instead of all the model parameters being free at the

beginning, the optimization can be iteratively guided toward

convergence by allowing subsets of the parameters to be free

while keeping the others fixed at assumed or previously

optimized values (from a previous iteration). The fitting recipe

is a set of instructions that guides the optimization process to a

stable solution. An iterative fitting recipe is also necessary

when the PSF is required to be iteratively constructed as done

for galaxy–quasar systems (e.g., A. J. Shajib et al. 2019;

T. Schmidt et al. 2023). In addition to the “galaxy-
quasar" fitting recipe, a purpose-built “galaxy-
galaxy" fitting recipe is also provided for galaxy–galaxy

lensing systems (A. J. Shajib et al. 2021; C. Y. Tan

et al. 2024).

2.3. Running the Pipeline

The user first needs to prepare the image cutouts and the

PSFs for each lens system in hdf5 files that include the

specific information and data sets required by LENSTRONOMY.

These specifications of the input files, along with the desired

directory structure (i.e., io_directory) to store the input

and output files, are described in DOLPHIN’s documentation.

The lens model specifications of each lens are described in a

yaml file (i.e., config.yaml) stored within the io_dir-
ectory. In the fully automated pipeline, these yaml files are
generated by the AI. However, a user can produce these yaml
files to run DOLPHIN in a semiautomated mode or tweak the

AI-generated yaml files as necessary before running the

model optimization.

As an example, the following PYTHON code runs DOLPHIN

for the quadruply lensed quasar system J2205−3727
(C. Lemon et al. 2023):

The few lines of code above are all a user needs to run
an automated lens model with DOLPHIN. This makes for
a huge contrast with the amount of code needed to set
up and run a lens model manually, for example, with
LENSTRONOMY.10 After running the pipeline, the user can
plot an overview of the lens model by running the
following code:

Figure 1. The overall workflow of DOLPHIN. The green arrows represent automated procedures performed by DOLPHIN, and the orange arrows represent manual
procedures performed by a user. The yellow shapes represent products that are stored on the hard drive. The workflow consists of three main modules: ai,
processor, and analysis. The ai.Vision module contains a trained NN model that identifies the lens components in the imaging data (i.e., semantic
segmentation). The ai.Modeler then sets up the lens model and optimization configurations in the config.yaml file. This config.yaml file can be further
tweaked manually by the user (depicted with the dashed orange arrow), if necessary. The processor module then optimizes the lens model with the
LENSTRONOMY modeling engine employing the fitting recipe provided by the processor.Recipe class and then saves the model output. Finally, the
analysis module provides tools to the user to analyze the model outputs and produce the desired figures and tables.

10
For example, a JUPYTER notebook for manual lens modeling, which

contains ≳1600 lines of code.
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For the modeling here, we use the image cutout and initial
PSF estimate for the system J2205−3727 from A. J. Shajib
et al. (2019) and T. Schmidt et al. (2023). Figure 2 shows the
overview of the optimized lens model that is fitted to the noise
level, as produced by the output.plot_model_over-
view() function. Notably, DOLPHIN’s AI (described next in
Section 3) has correctly identified a satellite deflector slightly
northwest of the westernmost quasar image and has included it
in the lens model, as can be noticed in the “Convergence”
panel of Figure 2. Here, DOLPHIN models the mass distribution
of the central deflector with an elliptical power law (EPL;
N. Tessore & R. B. Metcalf 2015) and that of the satellite
deflector with a singular isothermal ellipsoid (SIE; R. Korm-
ann et al. 1994). Additionally, a residual shear field
(alternatively called external shear; A. J. Shajib et al. 2024)
is added to the mass model. The light profiles of the central
and satellite deflectors and the extended source galaxy are
modeled with Sérsic functions (J. L. Sérsic 1968). The model
is optimized with PSO for 100 iterations with 100 particles.
We use the “galaxy-quasar” fitting recipe from pro-
cessor.Recipe, which includes the PSF reconstruction
step in the optimization process (e.g., as performed in
A. J. Shajib et al. 2019). We do not run the MCMC sampling
here, as the PSO optimization is sufficient to illustrate that
DOLPHIN can autonomously set up the lens model and

optimize the model to produce a stable solution. In real use
cases of DOLPHIN, a user may run the MCMC sampling to
obtain the posterior distribution of the lens model parameters.

3. ML-based Visual Recognition of Lens Components

In this section, we describe the ML-based visual recognition
model that identifies the lens components in the imaging data
within the ai.Vision class. We describe the network
architecture and activation functions in Section 3.1, the
training data set in Section 3.2, the training procedure in
Section 3.3, and the validations and tests in Section 3.4.

3.1. NN Architecture

We implement a U-Net architecture using TENSORFLOW

and KERAS (M. Abadi et al. 2016). The U-Net architecture is a
popular choice for semantic segmentation, which consists of
an encoder path (downsampling) and a decoder path
(upsampling; O. Ronneberger et al. 2015).
Our model (shown in Figure 3) takes single-band images of

size 128× 128 as inputs. Future upgrades of DOLPHIN will
include new NN models to allow multiband imaging for
improved performance in segmentation. The encoder path in
the U-Net employs two 3 × 3 convolutional layers followed by
a 2 × 2 max-pooling layer in each downsampling step. Each
upsampling step in the decoder path consists of a 2 × 2
transposed convolution, an attention block (O. Oktay et al.
2018), and then a 3 × 3 convolutional layer. The attention
block is applied to the feature maps from both the encoder and
decoder paths, and its output is concatenated with the feature
map from the decoder path before passing on to the next layer.
Each convolutional layer has the rectified linear unit (ReLU)
activation function to induce nonlinearity (V. Nair &
G. E. Hinton 2010). To prevent overfitting, we add dropout
layers between the two convolutional layers in each block of
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Figure 2. An overview of the lens model for the galaxy–quasar system J2205−3727. The top row shows the observed image cutout in the F814W filter, the
optimized-model-based reconstruction, and the residual image. The bottom row shows the reconstructed flux distribution of the host galaxy, the convergence, and the
magnification model. The blue star in the “Reconstructed source” panel points to the location of the quasar with respect to its host galaxy. The model is optimized
with PSO, and the PSF is iteratively constructed with the “galaxy-quasar” fitting recipe from the processor.Recipe class.
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the encoder path, with a rate of 0.1 for the first two layers, 0.2
for the next two layers, and increasing to 0.3 for the bottleneck
layer.

The attention block we use to filter relevant features is a soft
attention mechanism. The encoder and decoder features are
transformed using 1× 1 convolutions. Then, we add the
transformed features and apply the ReLU activation function.
Next, an attention mask is generated using a sigmoid activation
function. Finally, we multiply the attention mask by the
decoder feature map to produce the output of the attention
block.

For an image of the galaxy–quasar system, we identify five
classes of components: background, central lens galaxy, quasar
image, lensed arc from the quasar host galaxy, and satellite of
the central lens galaxy. Therefore, the output layer for the
network trained with galaxy–quasar systems has five channels,
one containing the probability for each class. For an image of
the galaxy–galaxy system, we simply exclude the quasar
image class; thus, the output layer has four channels. We apply
the softmax activation function (J. Bridle 1989) before the final
output layer so that the values in the output channel represent
the probability for the corresponding class at each pixel.

The loss function we used combines dice loss (C. H. Sudre
et al. 2017) and focal loss (T.-Y. Lin et al. 2018) as it is
suitable for multiclass classification and imbalanced data sets.
For the focal loss, we set alpha = 0.25 and gamma = 2 for
optimal results.

3.2. Training Data Set

We create a synthetic data set using LENSTRONOMY for
training. Our simulated images mimic the image quality and
resolution of the Hubble Space Telescope’s (HST) Wide-Field
Camera 3 (WFC3) in the F814W filter. Future upgrades to
DOLPHIN will deliver new NN models trained with multiple
HST filters and also with ground-based imaging qualities, such
as that of the Rubin Observatory LSST. We also provide our
code for data set creation and training to enable users to
regenerate their own training set for the desired imaging

specifications (e.g., choice of bands, ground-based or space-
based resolution) and sample-level characteristics.
We use an EPL mass profile to simulate the central deflector

galaxy and add an external shear field on top of it. We also add
satellite deflectors with SIE mass profiles. The probability for
the number of satellites in each lens system is
p(Nsat) ∝ 1/(1 + Nsat) with =N 3sat

max . We simulate the
central and satellite deflectors’ light profiles with Sérsic
functions. We simulate the source galaxy’s light distribution
using real spiral galaxy images from the HST legacy imaging
from A. J. Shajib et al. (2022). The quasar images are
simulated as point sources convolved with a realistic simulated
PSF from TINY TIM (J. E. Krist et al. 2011). The Einstein
radius for the main lens galaxy is randomly drawn from a

uniform distribution between 0.75 and 1.5, typical for galaxy-
scale lenses currently known. Similarly, the probability
distributions for all the other parameters in the simulation
are tuned to reproduce those observed in the galaxy-scale lens
samples presented by A. J. Shajib et al. (2019) and C. Y. Tan
et al. (2024). Finally, we add noise to the images that accounts
for the background, read, and Poisson noise corresponding to

1429 s of exposure. We set the pixel scale to 0.05 with the
image dimension being 128× 128 pixels.
We create the segmentation mask, that is, the training labels,

from the noiseless simulated images. We define five classes for
the mask: central deflector, quasar host, quasar, satellite, and
background. We create the labels through ad hoc conditions
applied to each class’s relative flux levels and signal-to-noise
ratios. Figure 4 illustrates some examples of the created
segmentation masks (the “Ground truth” columns). The
specific algorithm for this can be found in the ai_train-
ing/data set.py module of the released code suite on
GitHub.

3.3. Training Procedure

We simulated 110,000 images for each of the galaxy–galaxy
and galaxy–quasar lens types. We used 90,000 of them for
training, 10,000 for validation, and 10,000 for testing. We
randomly remove the deflector’s light from a fraction of the
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Figure 3. U-Net architecture of our NN to perform semantic segmentation of imaging data for galaxy-scale strong lenses. The U-Net model consists of an encoder
path (downsampling; red arrows) and a decoder path (upsampling; blue arrows). The encoder path consists of convolutional layers followed by max-pooling layers.
We use two consecutive convolutional layers in each block with a dropout layer in between. The decoder path consists of upsampling layers followed by
convolutional layers. The gray arrows represent the skip connections from a downsampling block to an upsampling one at the same level of the U-Net. The output
layer has N = 4 (for galaxy–galaxy lenses) or N = 5 (for galaxy–quasar lenses) channels, each providing the probability of one of these classes for every pixel:
background, central deflector, quasar image, lensed arc, and satellite of the central deflector.
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images (10%) so that the network does not learn to label the
central pixels within an image as the central deflector by
default, given the predominance of this correlation in the
training data set. We further augment our data by applying a
zoom effect up to 50% consistently on both the input images
and labels to generalize our model’s performance for real input
images that would be resized to 128×128 pixels from an
arbitrary size.

We train the model on the training set with the adaptive
momentum (Adam; D. P. Kingma & J. Ba 2014) optimizer
over 50 epochs, with a batch size of 32. We used early
stopping with a patience of 10 epochs to prevent overfitting
and restore the best weights by monitoring validation loss.
Additionally, we applied a learning rate reduction technique
with a factor of 0.5 when the validation loss did not improve
for five consecutive epochs, with a minimum learning rate of
1 × 10−6. The model was trained using an Nvidia L4 GPU on
the Google Colaboratory platform, which took ∼7 hr of wall
time for each of the two source types.

3.4. Validations and Tests

We validate the model on the test set to evaluate its
performance. We calculate the precision, recall, F1 score, and
intersection over union (IoU) for each class. The precision is
the ratio of true positives to the sum of true and false positives.
The recall is the ratio of true positives to the sum of true
positives and false negatives. The F1 score is the harmonic
mean of precision and recall. The IoU is the overlap between
the predicted bounding region and the ground-truth bounding
region relative to their combined area. The IoU is a commonly

used metric in computer vision to measure object detection
accuracy. Table 1 shows these performance metrics for our
trained NN model. The model performs strongly in segmenting
the lens components, with the F1 score for each class being
above 86% and the IoU score being above 76%. For reference,
an F1 score above 80% and an IoU score above 70% are
generally considered good performance for image segmenta-
tion tasks (e.g., A. Geiger et al. 2012; O. Ronneberger
et al. 2015).
In Figure 5, we show the segmentation results for real data

for six galaxy–galaxy lenses from the Sloan Lens ACS
(SLACS; A. S. Bolton et al. 2006) sample and six galaxy–
quasar lenses from the STRong lensing Insights into the Dark
Energy Survey (STRIDES; A. J. Shajib et al. 2019; T. Schmidt

������ ������ ������������ ���������� ������ ������ ������������ ����������

���������� ����������������� ���������� ������ �������������������

Figure 4. Validation results for both galaxy–galaxy (first three columns) and galaxy–quasar (last three columns) lens systems. The first and fourth columns show the
inputs from the validation set of synthetic images, the second and fifth columns show the ground-truth segmentation masks (i.e., labels), and the third and sixth
columns show the NN-predicted segmentation masks. The color for each class in the segmentation mask is labeled in the legend. The NN model shows strong
performance in segmenting the lens components, with the F1 score for each class being above 86%.

Table 1
Performance Metrics of Our Trained NN Model in Semantic Segmentation

Lens Type

Classes or

Components Precision Recall F1 Score IoU

(%) (%) (%) (%)
Galaxy–quasar Background 98.42 99.67 99.04 98.10

Central deflector 91.52 98.67 94.96 90.41

Lensed arc 97.06 81.05 88.34 79.11

Quasar 97.27 97.51 97.39 94.91

Satellite deflector 91.68 81.90 86.51 76.23

Galaxy–galaxy Background 99.25 99.60 99.43 98.86

Central deflector 79.56 98.39 87.98 78.54

Lensed arc 97.68 90.01 93.69 88.13

Satellite deflector 91.44 88.66 90.02 81.85
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et al. 2023) sample. DOLPHIN reshapes the real HST images

from their intrinsic pixel-grid dimension to 128× 128 pixels
before feeding them into the NN model. Figure 5 illustrates the

superb performance of the NN model in the semantic
segmentation of the real images, where all satellite galaxies

and quasar images are correctly identified in these images. For
an interesting test, we provided the “Jackpot” lens (R. Gavazzi
et al. 2008), a compound lens (top row, last column in
Figure 5), and the first Einstein zigzag (F. Dux et al. 2025),
another compound lens with six images of the same back-

ground quasar. Our NN model detects both sets of arcs from
the two background galaxies in the “Jackpot” lens. For the

Einstein zigzag lens, our NN model correctly detects all six
quasar images, but it confuses the small arcs from the

intervening source galaxy as satellite deflectors. We note that
the intervening source galaxy, in fact, acts as a deflector for the
background quasar, which is located farther behind. However,
such confusion by the NN model is not a concern here, as such

complicated lenses are not expected to be modeled with an
automated pipeline, given the extreme level of complexity in

the lensing configuration requiring carefully handcrafted
models enabling their science cases in precision cosmology

(e.g., T. Schmidt et al. 2025). Although these very rare (1 in
500 lenses; F. Dux et al. 2025) and complicated systems will

be out of the intended use case of DOLPHIN, they make for
illustrative examples of the superb segmentation performance
of our NN model. In the small fraction of severely failed cases
of image segmentation from the NN models, common
occurrences of misidentified components include very faint
arcs not being detected, highly compact nearby satellites being
misidentified as lensed quasars, or compact knots on the lensed
arcs being misidentified as satellites. These failure cases may
be mitigated in future upgrades by rebalancing the training
data set to increase the relative presence of these failure
modes, by utilizing multiband data to incorporate color
information, by applying judicious weights through the loss
function to correct data set imbalances, by increasing the
training data set size, or through a combination of all the
above.

4. Discussion and Conclusion

In this paper, we present DOLPHIN, the first fully automated
forward-modeling pipeline for galaxy-scale strong lenses,
capable of modeling both galaxy–galaxy and galaxy–quasar
types. DOLPHIN combines an AI trained with deep learning
with a traditional forward-modeling engine, namely, LENSTR-
ONOMY, to provide a hybrid approach to achieve full
automation in lens modeling. DOLPHIN performs semantic
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Figure 5. Segmentation results by our trained NN model for six galaxy–galaxy lenses (top two rows) from the SLACS sample and six galaxy–quasar lenses (bottom
two rows) from the STRIDES sample. Here, the input images are HST imaging in the F814W filter, with the mean background subtracted. Our NN model showcases
superb performance in identifying the lens components that are labeled in the legend. The last galaxy–galaxy lens illustrated here is a compound lens, the “Jackpot”
lens, and the last galaxy–quasar lens is another compound lens, the first Einstein zigzag, with six images appearing of the same background quasar. Although these
two highly complex systems fall outside the typical use cases for DOLPHIN, as extracting their scientific richness would require well-tailored, handcrafted models,
they serve as illustrative examples of the exceptional performance of DOLPHIN’s NN model in segmenting lens imaging data.
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segmentation for the strong lens components with an NN
model, sets up an optimal lens model using the segmentation,
and then fits the model with the forward-modeling engine
LENSTRONOMY. We provided an overview of the workflow of
DOLPHIN and the associated modules and a demonstration of the
automated lens modeling in Section 2. We then described the
NN model for visual recognition in Section 3. Our trained NN
model shows strong performance in segmenting the lens
components. We also showed that the model can identify the
lens components in the real data images of both galaxy–galaxy
and galaxy–quasar systems. This performance level in semantic
segmentation of the imaging data is sufficient to set up an
optimally tuned lens model for most galaxy-scale lens systems,
including those that contain up to two or three satellite galaxies
of the central deflector. Given the ease of use in setting up and
running DOLPHIN, both in personal computers and on high-
performance computing clusters, DOLPHIN will vastly reduce
the amount of human investigator time in modeling large
samples of lenses, as already demonstrated with its semiauto-
mated (i.e., using human visual recognition) modeling mode
(A. J. Shajib et al. 2021; C. Y. Tan et al. 2024; N. B. Hogg et al.
2025). Thus, the full automation achieved through the NN
model presented in this paper will further reduce the human
investigator time spent modeling large samples.

Like any software program, DOLPHIN will receive contin-
uous and future upgrades based on necessity and user
feedback. For example, although the Processor class can
currently perform modeling with multiband imaging data as
demonstrated in C. Y. Tan et al. (2024), the NN model is
currently trained only with single-band specification in the
optical band (i.e., the WFC3/F814W filter). The optical band
tends to be the most useful for lensing information as it sits in
the sweet spot for maximizing the signal-to-noise for both the
lensing and source galaxy with less blending between the two,
given the “red” and “blue” colors of the lens and source
galaxies, respectively. As a result, the optical (F814W) filter
also tends to be the primary choice for full ML-based
extraction of the lensing parameters (e.g., S. Erickson et al.
2025). Future improvements in DOLPHIN’s computer vision
capability will allow multiband imaging input to harness the
color information for better detection of the lens components.
In addition, a separate purpose-built network for ground-based
imaging specifications will extend the pipeline’s scope of
usage. Furthermore, more classes of objects can be included in
the training to improve the robustness of component detection,
for example, stars, cosmic rays, etc., that are sometimes
present in the image cutout of real systems.

The DOLPHIN pipeline is especially useful for the large lens
samples that will be discovered by the upcoming large-area
sky surveys, such as the Euclid, Rubin, and Roman
observatories. Several previous studies explored using ML
algorithms for fully automated lens modeling (e.g., Y. D. Hez-
aveh et al. 2017; J. Poh et al. 2022; S. Erickson et al. 2025). An
AI-powered forward modeler like DOLPHIN has important
complementarity with these ML-based algorithms and also
with traditional handcrafted lens models (e.g., S. Birrer et al.
2019; A. J. Shajib et al. 2020). This is because these three
approaches will shine in different regimes of sample sizes that
are largely determined by the somewhat correlated rarity and
complexity of the lens systems, the availability of high-
resolution imaging, and the specific science cases in which
they will be employed. More complex lens systems, for

example, those with multiple lens and source planes (e.g.,
A. J. Shajib et al. 2020; F. Dux et al. 2025), albeit requiring
handcrafted models, are richer in information; thus, their
scientific usefulness justifies the manual and time-consuming
modeling approach by a human investigator. A major fraction
of the lensing systems have sufficiently simple lens config-
urations that can be modeled with DOLPHIN. For example,
C. Y. Tan et al. (2024) achieved an ∼80% success rate in
modeling galaxy–galaxy lenses from a considered sample size
of ( )O 102 . DOLPHIN is especially suitable for such sample
sizes of ( )O 102 – ( )O 103 . As a forward-modeling pipeline,
DOLPHIN will still require running sampling methods, such as
the MCMC, to obtain the best-fit lens model parameters and
their uncertainties. As a result, sample sizes much larger than

( )O 103 can potentially be limited by computational resources
for CPU-based modeling engines. However, GPU-accelerated,
autodifferentiable modeling engines, such as GIGA-LENS

(A. Gu et al. 2022), HERCULENS (A. Galan et al. 2022), and
JAXTRONOMY,11 will likely be up to the task. In particular,
JAXTRONOMY is a direct port of LENSTRONOMY; thus, the
modeling engine for DOLPHIN can be seamlessly swapped
from LENSTRONOMY to JAXTRONOMY.
In addition, ML-based algorithms will be particularly useful

when it comes to sample sizes of ( )O 105 that are forecasted to
be discovered from the Euclid, Rubin, and Roman observa-
tories (T. E. Collett 2015; A. J. Shajib et al. 2025a). However,
automated forward-modeling pipelines like DOLPHIN will be
paramount to validate the ML-based models for a smaller
subsample, as done by S. Erickson et al. (2025). In summary,
we envision that all three approaches for lens modeling will be
essential and complementary in the near future, with each
shining at different regimes of sample sizes— ( )O 10 , hand-
crafted modeling for complex and scientifically rich systems;

( )O 102 – ( )O 104 , automated forward modeling with DOLPHIN;
and ( )O 104 – ( )O 105 , ML-based lensing parameter extraction.
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