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ABSTRACT
Strongly lensed quadruply imaged quasars (quads) are extraordinary objects. They
are very rare in the sky and yet they provide unique information about a wide range
of topics, including the expansion history and the composition of the Universe, the
distribution of stars and dark matter in galaxies, the host galaxies of quasars, and the
stellar initial mass function. Finding them in astronomical images is a classic “needle
in a haystack” problem, as they are outnumbered by other (contaminant) sources by
many orders of magnitude. To solve this problem, we develop state-of-the-art deep
learning methods and train them on realistic simulated quads based on real images
of galaxies taken from the Dark Energy Survey, with realistic source and deflector
models, including the chromatic effects of microlensing. The performance of the best
methods on a mixture of simulated and real objects is excellent, yielding area under
the receiver operating curve in the range 0.86 to 0.89. Recall is close to 100% down
to total magnitude i ∼ 21 indicating high completeness, while precision declines from
85% to 70% in the range i ∼ 17− 21. The methods are extremely fast: training on 2
million samples takes 20 hours on a GPU machine, and 108 multi-band cutouts can be
evaluated per GPU-hour. The speed and performance of the method pave the way to
apply it to large samples of astronomical sources, bypassing the need for photometric
pre-selection that is likely to be a major cause of incompleteness in current samples
of known quads.
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1 INTRODUCTION1

Strong gravitational lenses are extremely valuable sources of2

information about the Universe. They provide unique infor-3

mation about the expansion rate of the Universe, the prop-4

erties of distant sources that would be too faint (compact)5

to be detected (resolved), and about the distribution of mass6
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in the Universe (Treu 2010, and references therein). Unfor-7

tunately, they are very rare on the sky, because the phe-8

nomenon requires the almost perfect alignment of a back-9

ground source with a foreground deflector.10

Quadruply imaged quasars are a very special case of11

strong lensing. They are especially valuable because of the12

wealth of information they provide, including, for example,13

three independent time delays and flux ratios. At the same14

time, they are especially rare because they require an intrin-15

sically rare source (quasar) to be within the inner caustic of16

a foreground massive galaxy. Based on the model by Oguri17

& Marshall (2010), the density of quads in the sky is ex-18

pected to be of order 10−2 deg−2 with total flux brighter19

than i ∼ 20 (i.e. ∼ 400 in the full sky), but only a fraction20

of those will be resolved and identifiable in ground based21

wide-field imaging of the kind obtained by the Dark Energy22

Survey (DES, e.g., Treu et al. 2018). Even though the num-23

bers have improved considerably in the past few years, only24

∼60 quads are known across the entire sky at the time of25

this writing.26

There are two main challenges in identifying quads from27

ground based optical imaging data. The first challenge is the28

sheer volume of data one has to inspect, considering that29

there are about ∼ 108 stars and galaxies in the sky brighter30

than i ∼ 20 (Annis et al. 2014). The second challenge is31

that many of the quads are only partially resolved in ground32

based images and thus difficult to identify and separate from33

astronomical contaminants. In order to overcome the first34

challenge, many search teams rely on color preselection to35

reduce the number of astronomical sources. The second chal-36

lenge then becomes more manageable with a combination of37

algorithms applied to the image pixels and visual inspection.38

In the end, even in the most successful cases, confirmation39

via spectroscopy or higher resolution imaging (from space40

or from the ground with adaptive optics) is needed. Consid-41

ering the cost of spectroscopy and high resolution imaging,42

most searches so far have focused on obtaining high pu-43

rity candidate lists with high confirmation rates (e.g. Lemon44

et al. 2020). The drawback of this process is that many lenses45

are lost along the way, as evidenced by the low completeness46

of searches so far.47

We present a new machine learning based approach to48

finding quadruply imaged quasars. Machine learning tech-49

niques have been applied with success to lens searches be-50

fore (Agnello et al. 2015; Williams et al. 2017a; Hezaveh51

et al. 2017; Petrillo et al. 2017, 2018; Lanusse et al. 2017;52

Pourrahmani et al. 2018; Schaefer, C. et al. 2018; Avestruz53

et al. 2019; Madireddy et al. 2019; Cheng et al. 2020; Ja-54

cobs et al. 2019a; Jacobs et al. 2019b). While building on55

the work in this area, our effort differs in two main ways.56

First, we focus exclusively on quadruply imaged quasars,57

developing a realistic training set using real astronomical58

images from the Dark Energy Survey coupled with macro59

and millilensing models. Second, we avoid any need for im-60

age preselection with the goal of running our algorithm on61

complete flux-limited samples, which in turns requires our62

method to be extremely fast. This may allow us to recover63

quads that would have otherwise been lost in preselection64

steps, while retaining sufficient purity to be cost-effective65

for follow up. To achieve these goals we apply several new66

techniques and methodological improvements over previous67

astrophysical work, such as polar convolutions, the use of68

multiple networks, and attention masking. In addition to69

focusing exclusively on quads, tests on validation datasets70

suggest our method outperforms machine learners used for71

previous searches for lensed quasars (Agnello et al. 2015;72

Williams et al. 2017a).73

In this first paper of a series we describe the method,74

the training set, and the results on validating datasets. A75

follow-up paper will present the results on a search on actual76

Dark Energy Survey data. The paper is organized as follows.77

Section 2 provides some background on the machine learn-78

ing methods. Section 3 describes the training set. Section 479

describes the machine learning methods used. Section 5 de-80

scribes the application of our machine learning algorithms81

to the problem and evaluates the performance on validating82

datasets. A summary is given in Section 6.83

2 ELEMENTS OF DEEP LEARNING84

In recent decades, machine learning, and particularly deep85

learning, have demonstrated extraordinary success in tack-86

ling a wide range of tasks related to computer vision and87

natural language processing, benefiting fields ranging from88

healthcare to the development of self-driving cars, among89

many others (LeCun et al. 2015; Wang 2016). In this sec-90

tion, we briefly review elements of deep learning that are91

relevant to detecting rare objects and that form the build-92

ing blocks of the models employed here. A more thorough93

introduction to deep learning can be found in Goodfellow94

et al. (2016).95

Deep learning builds on simple artificial neural net-96

work (ANN) models dating back to the perceptron algo-97

rithm (Rosenblatt 1958). Loosely inspired by biological neu-98

ral networks, ANNs employ computational units referred to99

as neurons. A single neuron receives a set of inputs, repre-100

sented by vector X, either directly from the stimulus (data),101

or from the outputs of a preceding set of neurons. Each neu-102

ron takes a weighted sum of its inputs, 〈w,X〉, adds a offset103

(aka “intercept” or “bias”) term b, then passes this weighted104

sum through a function g to arrive at that neuron’s activa-105

tion level, g(〈w,X〉 + b). The term b is often absorbed into106

the weight vector by simply appending a constant 1 to the107

dimensions of X and letting b be the corresponding weight,108

allowing the activation level to be written more simply as109

g(〈w,X〉). When g(·) is chosen to be non-linear, this allows110

for more complicated models to be built than those repre-111

sented by conventional (linear) models, particularly as layers112

are added to the neural network.113

The arrangement of neurons in layers is specified by an114

architecture that, for each group of neurons (called layers),115

determines from which other groups they receive their in-116

puts and to which groups they send their outputs. Layers in117

which every neuron is connected to every neuron of the next118

layer are called “dense” (see Figure 1). The first layer of119

neurons are activated directly by the data. The final layer is120

the output layer that generates the quantity of interest, for121

example, the predicted class of the input in a classification122

task. An ANN with more than a few layers is often called123

deep, in contrast to early-generation ANNs that typically124

employed only one or two hidden layers located between the125

input and output layers. Adding layers increases the learn-126
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Figure 1. An example of a feed-forward neural network com-

prised of the input layer, two hidden layers, and the output layer.

The information flows in one direction from each layer to the next,
and the connections are called dense since every neuron in one

layer is connected to every neuron in the next one.

ing capacity of the network, but exacerbates the difficulties127

of fitting or “training” the model.128

2.1 Training the model129

Neural networks are trained by adjusting the weights so130

that they optimally convert input data X (e.g. an astro-131

nomical image) into the desired output Y (e.g. a prediction132

of whether the image contains a lensed quasar). During the133

training, the ANN takes input data X and generates an out-134

put, Ŷ , for each training example, by propagating compu-135

tations forward through the network: each neuron computes136

g(〈w,X〉) using the inputs (X) given to it and the current137

value of the weights (inclusive of the bias term), w. The dif-138

ference between the generated output, Ŷ , and the correct139

answer, Y , is assessed using a loss function, L(Y, Ŷ ), chosen140

according to the nature of the problem. Various algorithms141

are available to determine how the weights of the network142

should be adjusted in light of each error. Typically these ap-143

proaches assess how each weight contributes to the error, in144

a process that works backwards through the model comput-145

ing the gradient of the loss using the chain rule. The weights146

can then be updated by some fraction of the value needed147

to correct the response, a procedure generally referred to148

as backpropagation as it propagates the error signal back-149

wards through the network. Numerous optimization meth-150

ods have been proposed with varying performance. One pop-151

ular choice, used here, is the adaptive momentum (Adam)152

algorithm (Kingma & Ba 2015), which computes individual,153

adaptive learning rates for the model parameters considering154

the first and second moments of the gradients.155

Training is usually iterative, with each step using a por-156

tion of the training data (called a “mini-batch”) and adjust-157

ing the weights according to learning rates that control the158

speed of convergence. The end goal of the optimization is to159

reach a global minimum, a set of values of the parameters160

where the loss function is minimized. However, as the num-161

ber of parameters is typically very large (in the millions for162

all models here), we generally expect multiple local minima.163

Stochastic gradient descent avoids getting “stuck” in sub-164

optimal local minima by randomly selecting mini-batches.165

Because these models are so flexible, they can lead to166

“overfitting”, where the model learns specific characteristics167

of the training dataset associated with particular outcomes,168

but which do not generalize well to unseen data. This re-169

sults in large errors when the model is applied to new data.170

Numerous methods help to prevent this. One important ap-171

proach is to add terms to the loss function that effectively172

penalize models with more extreme weights. This constrains173

the model and avoids results that depend heavily on very174

specific features but that might have turned out very differ-175

ently in different samples. Such an penalization scheme is176

known as regularization and can be represented as seeking177

to minimize178

L∗(Y, Ŷ ) = L(Y, Ŷ ) + λΩ(W ), (1)

where the scalar λ controls the strength of regularization and179

Ω defines a regularizing functional. In the past, the first and180

second norms were frequently chosen as Ω and referred as181

L1 and L2 regularization respectively. Later, orthogonality182

of the weights was argued to be a desirable property since183

multiplication by an orthogonal matrix leaves the norm of184

the input unchanged. This led to orthogonal regularization,185

Ω(W ) = ‖〈W,WT〉 − I‖1, where I is the identity matrix.186

2.2 Choice of the activation function187

In many practical problems the model must be made to
fit a non-linear function between the inputs and outputs,
calling for a non-linear choice of activation function. Un-
til recent years, the logistic (or sigmoid) function g(x) =

ex/(1 + ex), hyperbolic tangent tanh(x) = ex−e−x

ex+e−x , softmax

[s(x)]i = exi∑
k e

xk , and linear rectifier ReLU(x) = max(0, x)

were among the most popular activation functions. How-
ever, deeper models require a choice of activation function
that protects against the risk of having an error gradient
equal to zero for many weights. To this end, functions such
as parametric ReLU (PReLU) (He et al. 2015), exponential
linear unit (ELU) (Clevert et al. 2016), scaled exponential
linear unit (SELU) (Klambauer et al. 2017), and Swish (Ra-
machandran et al. 2018) have become widely used. These
are defined as:

PReLU(x) =

{
x, if x > 0,

ax, if x < 0,
(a < 1),

ELU(x) =

{
x, if x > 0,

a(ex − 1), if x < 0,

SELU(x) = β · ELU(x), β > 1,

Swish(x) = x · sigmoid(x) =
x

1 + e−x
.

(2)

2.3 Convolutional neural networks188

While dense ANNs with at least one hidden layer and an189

appropriate activation function can approximate any func-190

tion, in practice ANNs can be made far more powerful, with191

less training data and fewer parameters to tune when they192
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Figure 2. A convolutional neural network consisting of two con-

volutional layers and three dense layers. The first convolutional

layer produces a feature map by sliding a convolution window over
the input image. Within each window the layer takes a weighted

sum of the corresponding pixels to produce a single output pixel.

The output feature map of the second convolutional layer is flat-
tened into a one-dimensional vector, used as an input the follow-

ing fully-connected ANN.

can be designed to extract the more relevant and informa-193

tive features from the data. To this end, convolutional neu-194

ral networks (CNNs) (see Figure 2) have proven extremely195

powerful in image processing applications.196

These networks have one or more layers that, like layers197

of visual cortex, contain neurons whose activation’s summa-198

rize key features in designated patches of the input image.199

Specifically, neurons in a given layer are receptive to a par-200

ticular area of the input/image, known as their “receptive201

fields”. The convolution or weighted average they perform202

over their receptive fields summarizes the information in it.203

The weights used in this convolution, which constitute a204

kernel or filter, can be preset or learned during training. In205

CNNs with multiple convolutional layers, each layer takes206

the previous layer’s activation as its input, with wider ker-207

nels in subsequent layers, so that the receptive field corre-208

sponding to a neuron grows to cover larger receptive fields209

over the image.210

Stacking these convolutional layers, therefore, enables211

learning representations of the data at different levels of212

abstraction. This architecture has made deep CNNs very213

effective in computer vision, sometimes achieving superhu-214

man performance in classification and discrimination tasks.215

Units within a given layer typically share the same kernels216

(weights) to reduce the number of learned parameters. Non-217

trainable convolutional layers are often referred as pooling218

layers and can be used to apply basic operations such as219

max(·) or mean(·) that corresponds to “MaxPooling” and220

“AvgPooling” layers respectively.221

2.4 Blocks222

Blocks of neurons can be designed and connected together223

to develop powerful network architectures. Here we discuss224

three types of blocks that have proven valuable in related225

computer vision problems and that we consider in our own226

architecture.227

The “inception” block, is best known from InceptionNet228

(also known as GoogLeNet) (Szegedy et al. 2015), and later229

ResNet (Szegedy et al. 2017). This block is described in Fig-230

ure 3 A). It concatenates four versions of the processed input231

data, each processed in parallel: the original image, two con-232

volutional layers that use a sequence of increasingly large233

receptive fields, and one simpler local-averaged/smoothed234

version of the image.235

The next block type is the residual block. A key prob-236

lem with deeper networks—and part of the reason they did237

not emerge in earlier decades of ANNs—is the “vanishing238

gradient” problem: the updates to the weights computed by239

backpropogation factor in the gradient at each step, and a240

long sequence of such factors produces update values close to241

zero. One way to address this, employed in the ResNet archi-242

tecture (He et al. 2016) is an “identity shortcut connection”,243

also known as a residual or skip-connection. In this configu-244

ration, the input of each learning block is added to the out-245

put before propagating to the next one (see Figure 3 B). This246

makes it easier to propagate information forward and back-247

ward without significant alterations and simplifies training248

of deep models.249

The third block type we consider is the dense block in250

the convolutional setting, as in the DenseNet architecture251

(Huang et al. 2017). While ResNet and its residual block use252

element-wise addition, dense convolutional blocks combine253

processed inputs of one layer (here, a convolutional layer)254

with lower level data by concatenation instead of addition.255

Each layer thus receives feature maps from all preceding256

convolutions, within the same block (see Figure 3 C). Later257

blocks may then use pooling or other approaches to reduce258

dimensionality. DenseNet has become widely used in vari-259

ous computer vision problem such as image classification,260

object detection, and image segmentation due to superior261

computational efficiency and quality of the learned features.262

2.5 Generative modeling and data representation263

Some tasks in computer vision are “image-to-image” prob-264

lems, in which we have one input image and desire to cre-265

ate another related image of the same size. These includ-266

ing denoising (removing artifacts from an input image), seg-267

mentation (estimating a set of binary masks that encode268

different regions on the input image), and detection (locat-269

ing objects on the input image) tasks. The U-Net is one270

important architecture for such problems. The model was271

first popularized in biomedical image segmentation (Ron-272

neberger et al. 2015). In this context it takes input images273

(e.g. CT scans) and outputs segmentation masks that show274

regions of interest (e.g. malignant tumors), based on infor-275

mation from a labeled dataset. The U-net architecture is276

so named because it contains contracting and then expan-277

sive paths (see Figure 4 A). The contracting path employs278

a series of feature extraction blocks followed by one or more279

“scaling down” layers, such as a pooling layer. The expan-280

sive path concatenates the features of the same resolution,281

fuses the extracted features, and up-scales the image repre-282

sentation. The up-scaling method could be anything from a283

non-trainable nearest-neighbor interpolation to a trainable284

deep CNN. Additional skip connections between individual285

blocks of the contracting and expansive pathways enable286

easier gradient propagation. Importantly, the symmetry be-287

tween two paths and the U-shaped architectures lets the288

network propagate context information to higher resolution289

layers.290

Another valuable class of image-to-image architectures291

is the autoencoder (AE), which operate on unlabeled data292

and provide efficient, latent space representations. The ar-293
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Figure 3. Common computer vision building blocks: (A) inception block, (B) residual block, and (C) dense block. The inception block

applies multiple convolutional operations of different window size (shown in orange) and a pooling operation (shown in green) in parallel,

instead of being restricted to a single window size, and then concatenates the extracted features together. As concatenation leads to a
quickly growing size of the output tensor, 1-by-1 convolutional layers (shown in blue) are used to reduce the dimensionality. The residual

block employs a skip-connection that adds the input tensor to the output tensor, which mitigates the “vanishing gradient” problem. The

dense block similarly uses skip-connections, but concatenates the tensors instead of adding them.

Figure 4. Data representation and generative modeling: (A) U-Net and (B) autoencoder. The U-Net model contains a contracting path
and an expansive path that down-scales and up-scales the input image to allow simultaneous feature extraction at higher and lower image
resolutions. The autoencoder model has two major parts: an encoder that maps the input image to the latent features, and a decoder
that maps the latent features to a reconstruction of the input image. As the dimensionality of the latent features is often smaller than

the dimensionality of the input image, the model learns a compressed representation of the data and removes noisy components.

chitecture has two major parts connected sequentially: en-294

coder and decoder (see Figure 4 B). The learning objective295

is to reconstruct the original image as effectively as possible,296

as judged by a loss function, while forcing the information297

to pass through a lower-dimensional middle block, labeled298

“latent features” above. The activations of neurons in this299

layer thus offer a lower dimensional representation of the300

input image, sufficient to recover the best reconstructed im-301

age possible. It is thus valuable as an unsupervised means302

of learning the important features of images.303

One limitation of the lower dimensional representations304

learned by AE is that they can follow an arbitrary distri-305

bution, which may lead to situations where samples of the306

same class have drastically different latent features. Varia-307
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tional AE (VAE) is often used to alleviate this deficiency308

(Doersch 2016). VAE differs from AE in two ways: its latent309

features are selected pseudo-randomly and its loss function310

is extended by a penalty term. During training, each latent311

feature is independently drawn from a Gaussian distribu-312

tion N (µ, σ), where the parameters µ and σ are taken from313

the output vector of the encoder {µ, log (σ)}. This exposes314

the decoder to a range of encoding vectors (as opposed to a315

single vector in AE) forcing it to map neighbouring feature316

vectors to the same image. The loss function is penalized317

by a Kullback–Leibler divergence of the latent features for318

a given input sample and the standard normal distribution.319

The penalty term ensures that the encoder refrains from320

producing extreme values and encourages it to evenly dis-321

tribute around the center of the latent space. This leads to322

a continuous and orthogonal latent space, a highly desired323

property for data representation.324

3 METHODOLOGY: GENERATION OF325

TRAINING DATASETS326

We generate a training sample of lensed quasars and known327

sets of contaminants for training of the network. Since only328

a few tens of true lensed quasars have been confirmed, we329

cannot use them alone to construct a training set, and must330

generate simulated lensed quasars based on their well under-331

stood physics. Ensuring the realism of these simulated ob-332

servations is essential to the ultimate generalization of our333

model to real data. We use a version of simct (More et al.334

2016) modified for this purpose. Leaving the details to More335

et al. (2016), we begin by using the redMaGiC galaxy catalog336

(Rozo et al. 2016) as our parent galaxy sample. All galaxies337

from this sample are considered potential lenses. By using338

the measured redshift and magnitudes and known scaling339

relations, we estimate the lens mass assuming that the mass340

density profile follows a singular isothermal ellipsoid. We as-341

sume mass follows light to determine the centroid, ellipticity342

and position angle of the lens. We also include external shear343

to account for effects due to objects in the immediate envi-344

ronments of the lens galaxy. We draw sources from known345

luminosity functions with a certain i-band magnitude and346

redshift. Colors are then extracted from the quasar catalog347

of Tie et al. (2017) by cross-matching the source i-band mag-348

nitude and redshift. Given the lens parameters and source349

parameters, we calculate the lensing cross-section and de-350

termine if a source would be lensed by the potential lensing351

galaxy such that the multiple images can be well-resolved352

and above the limiting magnitude.353

We further implemented the microlensing magnification354

effect by stars within the lensing galaxy which can affect the355

fluxes of the lensed quasars. For a given lens and source, we356

calculate the positions and fluxes of the lensed quasar im-357

ages. The microlensing effect increases or decreases the flux358

of the lensed images as determined by the local convergence359

(κ), shear (γ) and smooth matter fraction (s = 1− κ∗/κtot)360

as described, e.g., by Vernardos (2019). In order to optimize361

computing resources, we compute microlensing magnifica-362

tion maps for a large number of fixed values of κ, γ and s and363

interpolate from this grid to real cases. Stars are assumed364

to have masses 1 M� and the stellar density profile is as-365

sumed to follow the de Vaucouleurs profile (de Vaucouleurs366

1948). We determine the convergence due to compact (stel-367

lar) population κ∗ in the image plane following Vernardos368

(2019). The resulting sample consists of about 28500 sim-369

ulated lensed images of background quasar which are then370

added on top of the redmagic galaxies from the DES-Y3 data371

(Sevilla-Noarbe et al. 2021). We show a few simulated lenses372

in the top row of Figure 5 with fainter systems on the left373

end and brighter on the right. There are two examples for374

each of the faint (i > 19.0), intermediate (18.5 < i < 18.)375

and bright (i < 17.5) magnitude bins. The image cutouts376

are 6.75 arcsec on the side where each pixel is 0.27 arcsec377

wide matching the DES pixel resolution.378

For the training set of non-lenses, we use the spectro-379

scopically confirmed stars from the Sloan Digital Sky Survey380

data and photometrically selected quasars (Tie et al. 2017)381

and blue cloud galaxies (Williams et al. 2017b). As we are382

interested in quads, we randomly draw objects from these383

catalogs and place them randomly around a massive galaxy384

which could mimic a lensed quad. About 2000 such systems385

are generated and this sample size is increased by a factor386

of five by applying rotations. We show examples of these387

non-lenses in the bottom row of Figure 5. As before, fainter388

systems are on the left end and brighter on the right. These389

examples correspond to the same magnitude bins as the sim-390

ulated lenses in the top row. As part of the non-lens sam-391

ple, we also include the same redMaGiC galaxies that were392

used to generate simulated lenses but without any lensing393

features around them. This resulted in 28,500 of simulated394

positive examples (lenses) and 28,500 of negative examples395

(contaminant galaxies).396

4 METHODOLOGY: MODEL397

ARCHITECTURE AND TRAINING398

Our modeling methodology involves several steps. First, we399

pre-process, augment, and split the data for purposes of400

model training and tuning. Then, we employ unsupervised401

learning methods to explore the data and aid in feature ex-402

traction. Next, we train a series of supervised learning mod-403

els with a variety of architectures. Finally, we develop an404

ensemble over the resulting models. In this section we de-405

scribe each of these steps in turn.406

4.1 Data pre-processing and splitting407

We first standardize each image so that the pixels in each
image (pooled together across all four griz-bands) have zero
mean and unit standard deviation. More specifically, let Iipg
denote the intensity in griz-band g ∈ {1, 2, 3, 4} of pixel p
in image i. Let µi and σi be the sample mean and standard
deviation of {Iipg}p,g, respectively. We normalize each pixel
by computing

(Iigp − µi)/(σi + ε) (3)

across all i, g and p, where ε > 0 is a small perturbation408

introduced for numerical stability. We refer to this procedure409

as instance normalization.410

The resulting images are augmented with random ro-411

tations to ensure a rotation invariant result. We then split412

the data into training, validation, and testing subsets. This413
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L

NL

Faint Intermediate Bright

Figure 5. Training sample comprising of lenses (top) and non-lenses (bottom). The left-most two columns show objects selected from

the fainter sample (i > 19.0), middle two columns show objects from the intermediate sample (18.5 < i < 18) and the right-most two

columns show the objects from the brighter sample (i < 17.5). The images are 6.75 arcsec on the side.

Table 1. Details of various samples used in our analysis.

Sample Name Description Sample size

Original Augmented

Simulated lenses RedMagic deflectors + simulated lensed quasars 28,500 1,254,000

Simulated non-lenses RedMagic deflectors + contaminants 2,000 128,000

RedMaGiC non-lenses RedMagic galaxies 28,500 1,140,000

Augmented data Augmented simulated lenses and non-lenses, and RedMaGiC non-lenses - 2,522,000

Training dataset 40% of the augmented data - 1,008,800
Validation dataset 40% of the augmented data - 1,008,800

Test dataset 20% of the augmented data - 504,400
Confirmed real systems Spectroscopically confirmed true positives and negatives from STRIDES 119 128

Mixed dataset Random samples from the test dataset and additionally augmented confirmed real systems - 1216

produces roughly 106 images in each of the training and414

validation sets and 5× 105 in the test set.415

The models described below are trained on the train-416

ing set, with hyperparameters optimized by minimizing the417

prediction loss on the validation dataset. After training and418

choosing hyperparameters, the training and validation data419

are combined to be re-used for training. The resulting model420

is then evaluated for its performance on the testing set.421

4.2 Unsupervised learning422

To aid in constructing features that would facilitate the su-423

pervised learning process, we begin with an unsupervised424

exploratory process on a subset of 100, 000 images sampled425

from augmented data. We first decompose the dataset using426

a Gaussian kernel principal components analysis (kPCA).427

Explaining 95% of the variance in the dataset requires 8428

components. Plotting just the first two principal components429

(Figure 6A) shows little evidence of the separability of these430

two classes. Fortunately, however, the higher-dimensional in-431

formation does suggest the classes are reasonably separable.432

This is visualized using the two-dimensional t-distributed433

stochastic neighbor embedding (tSNE) of the images in Fig-434

ure 6B, which uses the relative similarity of lens images with435

each other as compared to non-lens images to infer the pos-436

sibility of successfully distinguishing these objects in a suf-437

ficiently rich non-linear feature space.438

Next, Figure 7A depicts the architecture of VAE which439

we use to generate an orthogonal, lower-dimensional latent440

space characterization. The encoding CNN (left side of the441

VAE) contains two blocks, each with two convolutional lay-442

ers followed by normalization and dropout layers. The pur-443

pose of the first convolutional block is to extract low-level444

features using 5× 5 kernels. The second convolutional block445

further expands the effective receptive field using 9× 9 ker-446

nels to extract higher order features. Note that this configu-447

ration makes the effective receptive field of the last convolu-448

tional layer of 25× 25, covering the entire input image. The449

drop-out layer is used to reduce overfitting by dropping a450

portion of the randomly selected inputs.451

The subsequent block consists of two parallel dense lay-
ers that process the input tensor and map it to the latent
space of dimension p. The upper layer applies the sigmoid
activation to its output to estimate a feature-selecting vector
sigmoid

(
Wupperz

)
for each training sample. By multiplying

it with the latent space representation of an image z pro-
duced by the output of the lower layer, Wlowerz, we locally
suppress irrelevant latent features of each sample:

(Wlowerz)� sigmoid
(
Wupperz

)
,

where Wlower and Wupper are p× q matrices and z is a flat-452

tened image of size q × 1. The output dense layer, shown in453

pink in Figure 7A, linearly combines the remaining features454

to estimate the means and standard deviations. Finally, as455
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Figure 6. Visualization of a subset of the data consisting of galaxies (blue) and lensed quasars (red) after dimensionality reduction:
(A) the first two components of the Gaussian Principal Component Analysis (PCA) and (B) two-dimensional t-distributed stochastic

neighbor embedding (tSNE). PCA shows little evidence of the separability of lenses from non-lenses. The two-dimensional tSNE, however,
suggest that the classes are reasonably separable in a higher dimensional space.

shown on the right half, the process is repeated in reverse456

to reconstruct an image from the compressed features.457

To explore the result, Figure 7B shows how the two458

classes are distributed along four selected latent features.459

As VAE gives a mean (µ) and a standard deviation (σ) for460

each latent feature, the aforementioned figure depicts em-461

pirical distribution of the means of the latent features. We462

observed that although many features such as feature 1 do463

not discriminate contaminant galaxies from lensed quasars,464

some of the features such as feature 4 do separate the two465

classes well. To better understand the meaning of the la-466

tent features, we plot some of the weights of the lower dense467

layer in Figure 7C. The plots depict the underlying modes468

that naturally span the dataset including those that prevail469

among lensed quasars. To see how dimensionality of the la-470

tent space impacts the explained variance along individual471

bands (g, r, i, z) or their combination (griz), we apply linear472

PCA on the features of 1024-dimensional VAE models that473

were trained to reconstruct a single band or the entire im-474

age. The results in Figure 7 D suggest that 16-dimensional475

space covers 95% of the variance in griz-bands (around 12476

latent variables for R), while 128 features correspond to 99%477

of the variance (around 64 latent features in R). This shows478

that VAE models can learn meaningful features and describe479

the dataset with a 128 latent variables. We later employ an480

encoding portion of the VAE models for feature extraction481

and subsequent image classification.482

4.3 Supervised learning483

This section provides details for the construction and fit-484

ting of several neural network architectures, before describ-485

ing how they are combined in an ensemble.486

The unsupervised learning explored in Section 4.2 in-487

dicates that lensed quasars have distinctive geometric fea-488

tures that could be utilized in their detection. We frame489

lens detection as a binary classification problem in which490

“one” corresponds to a sample with a lensed quasar and491

“zero” corresponds to anything else. A classifier takes an492

image as an input and outputs a binary label. In practice,493

the output layer has two units, whose activations we can494

refer to as z0 and z1. To these we apply the softmax func-495

tion to obtain quantities we interpret as probabilities, i.e.,496

ŷ1 = P(Y = “lens”) = exp(z1)/(exp(z0) + exp(z1)), with497

ŷ0 = P(Y = “not lens”) = 1−P(Y = “lens”). We found em-498

pirically that training with the softmax activation results in499

a better generalization compared to training with the sig-500

moid activation.501

For the loss function, we employ the binary cross-
entropy, also known as the negative log-likelihood, between
a class label y ∈ Y and the predicted probabilities (ŷ1, ŷ0),

L(y, ŷ1, ŷ0) = −y · log (ŷ1)− (1− y) · log (ŷ0).

Moreover, binary cross-entropy leads to a more consistent502

gradient propagation as the log-terms mitigate exponential503

behavior due to gradient saturation for extreme values.504

Instead of the conventional batch normalization, we use505

instance normalization introduced in (3). While instance506

normalization makes the samples of both classes statisti-507

cally indistinguishable in terms of the pixelwise mean and508

variance, it has several important advantages. First, it lim-509

its the range of the values that tensors can take, preventing510

saturation of hyperbolic activation functions, and improving511

gradient propagation. Second, it improves generalization by512

avoiding overfitting on synthetic data, as the gap between513

the simulated and the real objects is often the major is-514

sue in problems that rely on statistical models trained on515

synthetically-generated data. In particular, it reduces the516

effect of the outliers that could cause significant covariate517

shift in hidden layers of the ANN.518

To penalize overfitting, we extensively use dropout lay-519
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Figure 7. Unsupervised exploration of the latent space of the dataset: (A) a VAE model used for learning the mapping from images to

the means and standard deviations of the latent variables; (B) empirical distributions of selected latent variables showing that despite

nearly identical statistical properties in galaxies and lensed quasars across the majority of learned latent variables, some of them describe
features that can be used to distinguish between these two classes; (C) a visualization of a few learned features of the lower dense

layer of the VAE model generated by putting the learned weights into square shapes of the same size as the output of the previous

convolutional layer; (D) empirical relationship between the explained variance and the number of principal components of the latent
variables of 1024-dimensional VAE suggests that a 128-dimensional latent space can be sufficient to describe the dataset.

ers. The exact order of the hidden layers, activation func-520

tions, normalization layer, and dropout layers is typically521

optimized for every problem. We empirically found that the522

combination of activation layers followed by normalization523

and dropout layers achieve a better bias–variance trade-off.524

To additionally limit overfitting, we introduce zero-mean525

Gaussian noise at the input of each model, which adds ran-526

dom noise to the input images at every training step. We527

set the noise covariance matrix to σ2I, where I is the iden-528

tity matrix and σ2 = 0.062, with the value determined by529

hyper-parameter optimization. Note that this is equivalent530

to additional data augmentation performed simultaneously531

with training.532

Models are trained using the Adam algorithm (Kingma533

& Ba 2015). Adam uses adaptive learning rates for every534

model parameter, enabling faster convergence. We also em-535

ploy the scheduled (staircase exponential) and triggered de-536

crease of the learning rate. The latter changes the step size537

when the loss rate of decay is below a certain threshold.538

To further combat overfitting, we employ early stopping539

based on the validation loss. More specifically, after every it-540

eration on the training set, we evaluate the loss function on541

the validation set which includes data not used for optimiz-542

ing model parameters. We stop once the validation, rather543

than the training, loss has converged.544

Besides trainable parameters, each model has hyper-545

parameters, a small set of values that define model archi-546

tecture and training dynamics. These include model depth547

(number of hidden layers), model width (number of con-548

volutional filters and dense units), model resolution (size of549

convolutional kernels), and the choice of the activation func-550

tion, regularization strength, and learning rate. We use the551

recently proposed Hyperband algorithm (Li et al. 2018), an552

efficient bandit-based method for hyperparameter optimiza-553

tion. It allocates computational resources to as many con-554

figurations as possible and throws out those that show poor555

performance over time until a single configuration remains.556

This method maximizes the number of tested configurations557

and results in a more efficient resource utilization compared558

to the grid search, random search, or Bayesian optimization.559

4.3.1 Prior methods560

Numerous prior works proposed using the traditional com-561

puter vision models such as InceptionNet, ResNet, and562

DenseNet for lens searches. These architectures have demon-563

strated exceptional performance on traditional computer vi-564

sion problems, but the vast number of trainable parameters565

they require can result in either poor generalization (overfit-566

ting) or weak convergence (underfitting). Pre-training these567
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Figure 8. Optimized instances of generalized CNN architectures:
(A) NaiveNet based on three convolutional blocks and two dense

layers and (B) NaiveNetV2 that uses residual connections and

adds an additional dense layer to improve the performance.

models on the ImageNet, a large dataset of ordinary images568

collected for object recognition, degrades the performance569

further. We hypothesize that this is due to drastic differences570

in visual features between the lensed quasars and ImageNet571

samples.572

Fortunately, several earlier projects have sought to de-573

tect lenses using various deep CNN architectures. We de-574

scribe these here before proposing two novel architectures.575

Previously proposed CNN models include CMU DeepLens576

(Lanusse et al. 2017), LensFlow (Pourrahmani et al. 2018),577

CNNS (Jacobs et al. 2019b), and several others (Hezaveh578

et al. 2017; Schaefer, C. et al. 2018; Avestruz et al. 2019).579

We reproduce and retrain LensFlow and CNNS on our data580

for comparison. LensFlow is based on a classical architecture581

comprised of three convolutional layers, maximum pooling582

layer and four dense layers all connected in series. Drop-out583

layers in-between the dense layers mitigate over-fitting. Un-584

usually, LensFlow applies hyperbolic tangent to the outputs585

of the convolutional layers and ReLu activation function to586

the output of the dense layers. CNNS combines four convolu-587

tional layers into blocks of two layers each with three subse-588

quent dense layers. Each convolutional block is followed by589

pooling operations, halving the dimensionality of the fea-590

ture maps the output. The activation function is ReLu, and591

drop-outs are again used to mitigate over-fitting.592

4.3.2 NaiveNet593

Inspired by these early examples, we first propose a CNN in-594

volving several convolutional layers followed by dense layers,595

which we refer to as NaiveNet, illustrated in Figure 8. The596

number of layers, number of dense units (or convolutional597

kernels) within each layer, and size of the convolutional ker-598

nels respectively, are optimized together with other hyper-599

parameters. We intentionally avoid specific constraints on600

the architecture and, instead, optimize performance through601

a hyperparameter search. Next, we introduce NaiveNetV2,602

replacing convolutional and dense blocks with their residual603

alternatives. Each residual path has two consecutive layers:604

the first one with a chosen non-linearity and the second one605

with a linear activation function.606

4.3.3 Polar convolution607

Next, we propose an alternative approach to feature extrac-608

tion. Since we can ensure positioning of the objects at the609

Figure 9. Visualization of the proposed polar convolution oper-

ation: each feature map gets converted to higher resolution polar

coordinates where a regular rectangular convolution is applied
and then translated back to Cartesian coordinates. Effectively,

the operation has a convolutional window of an angular sector of

annuli of different radius (shown in red) with smaller window size
at the center of the image.

center of the griz images and given that the gravitational610

field originates from the center of mass of the objects, a611

polar coordinate system is a natural choice. We define the612

corresponding 2D polar convolution similarly to its rectan-613

gular counterpart:614

(
W ∗ T (z)

)
ρ,θ

=
∑
i

∑
j

Wi,j · T (z)ρ+i,θ+j (4)

where T (·) translates an input tensor from Cartesian to a615

polar coordinate system. It first transforms a fixed size rect-616

angular tensor z into a scatter field of points z∗ with polar617

coordinates {ρ, θ} = {
√

(x2 + y2), arctan (y/x)}. To avoid618

loss of information due to image cropping at the corners and619

blurring between pixels, it estimates a smooth rectangular620

tensor s using biharmonic spline interpolation:621

{
si =

∑
j αjg(i, j)

g(i, j) = ‖pi − pj‖2(log ‖pi − pj‖ − 1)
(5)

where g is Green’s function, pi = [xi, yi] is a vector point-622

ing at the corresponding scatter point with value z∗i , and623

the weight vector α can be found by solving g · α = z∗. An624

illustration of the proposed operation is shown in Figure 9.625

Beyond fitting the underlying geometrical structure on the626

images, polar convolution yields a heterogeneous receptive627

field size and a particularly sparse connectivity matrix by628

focusing at the central part of the image, which is useful as629

the corners of the images are expected to be less informative,630

with more noise. Similar ideas were previously proposed in631

several works including Polar Transformer Network (Esteves632

et al. 2018), Polar Coordinate CNN (Jiang & Mei 2019),633

and Cylindrical CNN (Kim et al. 2020). Our approach, how-634

ever, was developed for learning features suitable for finding635

lensed quasars.636

4.3.4 Visual attention masking637

We train an additional U-Net-like model that produces a638

binary mask representing regions of lensed quasars (named639

as AttnCNN in Figure 10 D). Similarly to U-Net, AttnCNN640

is a fully convolutional network with contracting and up-641

sampling branches, but it does not output a segmentation642

mask. Instead, it learns the mapping from multi-channel in-643

put image (griz) to an attention mask of a smaller size, with644

a single channel, and values between 0 and 1. The goal of645
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Figure 10. An example of the proposed attention masking for

feature extraction: (A) a sample of the original input image; (B)
the corresponding lensed quasar blended in the original image;

(C) a binary mask used as a label for training the attention CNN

model. The mask is produced by setting a threshold on intensity of
the lensed quasar image. (D) The proposed AttnNet architecture

is comprised of three models: the AttnCNN trained to segment

regions containing lensed quasars, the FeatureCNN that extracts
features from the original image and then applies the estimated

binary mask to remove noisy components, and a binary classifier
trained to identify lensed quasars.

this auxiliary masking network is to guide feature extraction646

by bringing attention to regions likely to have important fea-647

tures. We found empirically that thresholding image pixels648

with 22.5% of their maximum intensity creates meaningful649

binary masks as the brightest regions are the most infor-650

mative. We tried several loss functions for training the At-651

tnCNN and found that mean absolute error leads to the most652

stable results. It was beneficial to train the entire assembly653

simultaneously in an end-to-end fashion. At each optimiza-654

tion step i (batch size of n), we update the parameters of the655

AttnCNN model Ψ(·) to minimize the discrepancy between656

its outputs Ψ(Xi) and the binary masks Mi:657

LAttnCNN
i =

1

n

n∑
k=1

|Ψ(Xi)k −Mik|.

At the same time, we independently update parameters of658

the feature extracting model Λ(·) (named as FeatureCNN659

in the figure) and the binary classification model Π(·)660

by backpropagating the gradient of the cross-entropy loss661

Li
(

Π
[
Ψ(Xi)� Λ(Xi)

]
, Yi
)

. This way AttnCNN directly af-662

fects the performance of the feature extracting CNN and663

the classifier, which forces FeatureCNN to adjust its learned664

parameters.665

4.4 Argus: ensemble of models666

One of the challenges we encountered was overfitting stem-667

ming from the gap between the simulated and real data.668

Particularly, we observed a significantly lower performance669

during testing on real samples generated from the DES, de-670

spite the imposed regularization and optimal synthetic test-671

ing results. Given the limited size of the real dataset, we672

found it impractical to directly bridge the gap by finding673

a projection between real and synthetic samples. Moreover,674

since the confirmed objects do not represent the entire range675

of possible lenses, additional training on them would further676

amplify the bias.677

Instead, a more practical and efficient method to im-678

prove generalization is model stacking (sometimes called679

blending), which combines the outputs of pre-trained mod-680

els. We employ this technique by blending classifier mod-681

els and VAEs (see Figure 11). The upper branch maps682

the hidden feature spaces of the AttnNet and NaiveNetV2683

based on rectangular and polar convolutions to another 128-684

dimensional space. It employs two dense layers with ReLu685

non-linearity to fuse a 512-dimensional vector from the At-686

tnNet with a pair of 128-dimensional vectors from the rect-687

angular and polar NaiveNetV2: Φs : R512+128+128 7→ R128.688

The lower branch mixes the latent spaces of VAE models689

that were pre-trained to reconstruct specific components on690

the images including lensed quasars (VAELQ), contaminant691

galaxies (VAEG), underlying source quasars (VAEQ), and692

deflectors (VAED) that represent the strength of the grav-693

itational field of the lensing galaxy. We found that recon-694

struction on the quasars and deflectors achieved the best695

results when conditioned on the output of the VAELQ and696

VAEG respectively. This is implemented by stacking the sec-697

ond order VAE model on top of the decoder and using the698

mean component of the latent features of the first encoder.699

We choose a 128-dimensional latent space since it is able to700

converge to a global minimum of the loss function and it701

was earlier suggested by the results of PCA to keep the ex-702

plained variance ratio above 99%. However, because galaxies703

and lensed quasars have an identical distribution along the704

majority of the latent space axes, we apply a stronger di-705

mensionality reduction: Φu : R512+512 7→ R64. Note that the706

standard deviations estimated by the encoding CNN models707

carry information about the noise in the images and the as-708

sociated confidence levels. Since µ and σ often have different709

scales and distributions we first blend them separately and710

then combine new intermediate feature spaces. The output711

layer linearly combines the features of the upper and lower712

branches to classify the input samples.713

To train the entire end-to-end model we split the train-714

ing dataset into two halves. We train each individual compo-715

nent (supervised and unsupervised) on the first half. Then,716

after stacking, we train the blending dense layers using the717

second half of the data. This scheme allows us to minimize718

additional overfitting as the blending layers learn how to719

combine the feature spaces of the pre-trained models on pre-720

viously unseen samples. Moreover, to foster generalization721

we use normalization and dropout layers as well as com-722

bination of L1 and L2 (“elastic net”) regularization. The723

corresponding hyperparameters of the model and its com-724

ponents are selected using the Hyperband search described725

earlier. After training Argus, we investigated the importance726

of the extracted features from each component of the en-727

semble by conducting an ablation study. We disconnected728

one of the components at a time and evaluated model pre-729

dictions using AUROC score on the mixed dataset as de-730
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Table 2. Classification performance (AUROC).

Model & parameters
Simulated

objects
Past

candidates
Mixed
dataset

CNNS (8.8M) 0.889 0.580 0.853

LensFlow (8.8M) 0.901 0.593 0.855

NaiveNet (10.2M) 0.901 0.605 0.862

NaiveNetV2 (2.4M) 0.914 0.684 0.863

NaiveNetV2 polar (2.4M) 0.937 0.582 0.864

AttnNet (5.8M) 0.940 0.774 0.878

Argus (17.7M) 0.997 0.650 0.894

scribed in the next section. Performance severely degraded731

by dropping any component, excepting NaiveNetV2: 3.86%732

drop without VAEs, 6.28% drop without AttnNet, 3.48%733

drop without polar NaiveNetV2 and 0.23% drop without734

NaiveNetV2. In addition, we observed no significant differ-735

ences in the distribution of the weights of the dense layers736

that take the outputs of different components, which makes737

us believe that each part is equally important and benefits738

the overall performance.739

5 RESULTS740

5.1 Training and testing setup741

After training these models we tested their performance on742

three datasets that were not used during the training. First,743

the simulated objects is a conventional “testing” dataset that744

was sampled from the data generated for model training as745

described in Section 3. It contains around 250, 000 lensed746

quasars and 250, 000 contaminant galaxies. Second, the past747

candidates dataset contains 20 confirmed lensed quasars and748

108 confirmed non-lenses that were previously proposed as749

candidates for spectroscopic follow-up within the STRIDES750

collaboration (as collated by one of us, C.L.). Finally, the751

mixed dataset contains 1216 objects randomly sampled from752

the simulated objects and past candidates. We augmented753

the samples from past candidates via random rotations and754

mirroring to achieve a roughly 1:1 ratio.755

We trained each model on a computer with a single756

GPU (Nvidia GeForce GTX 1080 Ti). A full training cycle757

of a single model with hyperparameter optimization took758

between 20 to 180 hours depending on the model. In addi-759

tion to our proposed models, we reproduced two previously760

reported models, CNNS and LensFlow, retraining these on761

our data. In doing so we followed the design choices as re-762

ported, but adjusted learning rates and the corresponding763

parameters (decay rate, learning rate schedule, etc.) to max-764

imize performance.765

5.2 Performance766

As a first performance metric we consider the area under the767

receiving operating curve (AUROC). This can be interpreted768

as the probability that the model ranks a random positive769

example more highly than a random negative example.770

Table 2 shows the results. Both existing models, CNNS771

and LensFlow, had approximately 8.8 million trainable pa-772

rameters and demonstrated AUROC values of roughly 0.85773

on the mixed data, comparable to our initial NaiveNet774

model. The enhanced version with residual skip-connection,775

NaiveNetV2, achieved an AUROC of 0.86 on the mixed776

dataset while reducing the number of parameters to 2.4 mil-777

lion.778

Attention masking (AttnNet), however, led to a sub-779

stantial improvement in performance with an AUROC of780

0.940 on the simulated objects and 0.774 on the past can-781

didates. AttnNet was the most conservative in detecting782

lenses and had the highest AUROC on the past candidates783

dataset, which is driven by the built-in feature selection and784

stronger orthogonal regularization. Finally, the proposed en-785

semble model (Argus) reached a nearly perfect AUROC786

score of 0.997 on the simulated data, but had a slightly lower787

score on the past candidates compared to AttnNet. On the788

mixed data, Argus achieved an AUROC of 0.894, the highest789

among all models.790

ROC curves of the AttnNet and Argus models on the791

“mixed dataset” are shown in Figure 12. The Argus ensem-792

ble achieves a nearly perfect true positive rate while keeping793

the false positive rate under 0.3. The AttnNet demonstrates794

true positive rate of about 0.8 for the same false positive795

rate under 0.3.796

Figure 13 depicts how precision (the fraction of true797

lenses among the predicted lenses) and recall (the frac-798

tion of correctly identified lenses among true lenses) of two799

best performing models change with AB magnitude of the800

whole system (obtained by summing the flux over the en-801

tire cutout; for comparison, the 10-σ limiting magnitude of802

the data for point sources is 23.34). To produce these plots803

we grouped the samples of the mixed dataset into five bins804

of equal width in AB magnitude and evaluated the metrics805

for each group. We found that as AB magnitude increases806

the proposed models start suffering from a noticeable drop807

in precision. This is expected because of the declining sig-808

nal to noise ratio of the images and false positives become809

more difficult to identify as such. Remarkably, however, re-810

call is uniformly close to 100% suggesting that our method811

should achieve high completeness even when the signal to812

noise ratio is low.813

Figure 14 shows objects misclassified as lenses (false814

positives) by the Argus Ensemble model. Those in the top815

row were also selected by previous searches and were consid-816

ered credible enough to warrant telescope time for investiga-817

tion, so it is not catastrophic that they mislead Argus. Those818

in the bottom row were simulated false positives and indeed819

look like plausible lenses to a human classifier, so it does not820

seem catastrophic that they mislead Argus as well. At some821

level, a small number of false positive is inevitable due to822

the finite amount of information in the imaging data used for823

the search. Those false positives will need additional data to824

be resolved (spectroscopy and/or higher resolution images).825

We discuss the practical implications of this and other lim-826

itations to be kept in mind when applying this method to827

search for quads in the next section.828

5.3 Practical Considerations829

Considering that telescope time is costly and limited, we830

wish to estimate how effectively lists of candidates produced831

by Argus or AttnNet can prioritize search time. The two key832

aspects of performance in this context are precision—the833

© 0000 RAS, MNRAS 000, 1–17
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Figure 11. Argus: an end-to-end ensemble of deep neural networks. The proposed method includes feature extraction elements of pre-

trained models: a 512-dimensional output from the first dense layer of AttnNet, and a 128-dimensional vector from the second dense
layer of NaiveNetV2. These features are concatenated together and then reduced to 128-dimensional space through two dense layers.

In addition, the model takes 128-dimensional latent features of four serially-connected VAE models trained on reconstructing images of
lensed quasars (LQ), galaxies (G), delensed quasars (Q), and deflector fields (D) from the blended input image. As the encoders produce
both means and standard deviations of these features, they are first processed independently and then combined into a 64-dimensional

feature vector. The final output is produced by a dense layer that classifies samples based on 192 features.

proportion of candidates examined that prove to be lenses—834

and recall, the fraction of true lenses that are identified in a835

given catalog. Figure 15 shows the estimated precision and836

recall as we adjust the number of selected candidates ranked837

by the models. Both Argus and AttnNet look promising in838

the sense that over a wide range of the number of candi-839

dates that might feasibly be considered, the precision rate840

remains quite high, well over 80% until the number of candi-841

dates begins to approach the actual number of lenses in this842

sample (400). Naturally, the recall can at best grow linearly843

with a slope of 1, and the observed recall is not far below844

this. If these results generalize to images outside of those845

used in this paper, this plot would suggest that a search846

using our methods would be very efficient, yielding a com-847

plete sample of quadruply imaged quasars with a relatively848

modest fraction of contaminants. A follow-up paper will put849

our methods to further test by applying them to new DES850

datasets.851

6 SUMMARY852

In this work, we proposed and trained novel deep learning-853

based methods for detecting quadruply lensed quasars. We854

investigated several ANN architectures and compared them855

with previously proposed LensFlow and CNNS models.856

© 0000 RAS, MNRAS 000, 1–17
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Figure 12. Receiver operating characteristic (ROC) curves of
the best performing models on the mixed dataset, which show the

possible trade-offs between the probability of a correct detection

(true positive rate) and the probability of false detection (false
positive rate). The Argus ensemble achieves a nearly perfect true

positive rate while keeping the false positive rate under 0.3. The

AttnNet demonstrates true positive rate of about 0.8 for the same
false positive rate under 0.3.

Figure 13. Precision and recall as a function of the AB magni-
tude of the whole system (obtained by summing up the flux in

the cutout) estimated on the mixed dataset. For comparison, the
10-σ limiting magnitude of the data for point sources is 23.34.

Overall, our newly developed tools and in particular the857

ensemble model improve on the previously proposed algo-858

rithms (Agnello et al. 2015; Williams et al. 2017a; Hezaveh859

et al. 2017; Petrillo et al. 2017, 2018; Lanusse et al. 2017;860

Pourrahmani et al. 2018; Schaefer, C. et al. 2018; Avestruz861

et al. 2019; Madireddy et al. 2019; Cheng et al. 2020; Jacobs862

et al. 2019a; Jacobs et al. 2019b) in terms of precision and863

recall, although prior work was not tailored to the detection864

of quadruply imaged quasars, and therefore the comparison865

is not direct.866

A major strength of our method is its ability to pro-867

cess 108 objects in a single day on an ordinary hardware868

setup with a single GPU. This makes it suitable for dis-869

covering lenses across wide areas from surveys such as DES870

with minimal pre-screening of candidates, reducing the risk871

of discarding lenses. In a follow-up paper we will carry out872

such a search.873

Two particularly novel and powerful elements of our ap-874

proach are the use of polar convolution, which is well tuned875

to detecting circularly-arranged features at different scales,876

and attention masking. In the future, yet other ideas for877

feature extraction approaches, likely motivated by expert878

knowledge, may further improve performance.879

Finally, the challenges that remain are not only algo-880

rithmic, but in the acquisition of training data, real or simu-881

lated. That said, one area in which further progress could be882

made is in taking account of additional data, such as bands883

beyond griz, or using time series rather than single epoch884

images. Availability of larger sets of unlabeled and labeled885

training data might enable use of more sophisticated and ac-886

curate models including deep CNN models such as ResNet,887

DenseNet, and EfficientNet (Tan & Le 2019), as well as novel888

Vision Transformer architectures (Dosovitskiy et al. 2020).889

Another promising direction for future research includes use890

of ranking models that are routinely trained on large vol-891

umes of data in the domain of recommender systems, be-892

cause the problem of detecting extremely rare objects such893

as gravitational lenses practically comes down to ranking of894

a set of candidates with respect to the probability of being a895

lens. For example, a promising solution could be an ensem-896

ble of CNN and transformer models trained on several tasks897

such as classification, ranking, prediction, and so on. How-898

ever, use of complex ensembles requires thorough analysis of899

the extracted features and the development of methods to900

understand and interpret predictions made by each compo-901

nent, which could be another interesting direction for future902

research.903
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