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Abstract.  Transfer learning is a machine learning method that can reuse knowl-
edge across spectroscopic archives with different distributions of observations. We ap-
plied transfer learning based on a convolutional neural network to spectra from Large
Sky Area Multi-Object Fiber Spectroscopic Telescope and Sloan Digital Sky Survey
archives. Taking advantage of known quasars in LAMOST DRS version 3, we wanted
to discover yet unseen quasars in SDSS DR14. Our transfer learning approach reaches
99.6% precision and 98.9% recall. We found examples of quasars previously classified
as stars.

1. Introduction

Current multimillion spectroscopic archives of the Sloan Digital Sky Survey (SDSS) and the
Large Sky Area Multi-Object Fiber Spectroscopic Telescope (LAMOST) provide enough data
for analysis with the most advanced machine learning methods. However, it is not straight-
forward to reuse a previously gained knowledge from one archive to another due to statistical
properties. Each archive has a different strategy for target selection based on particular scien-
tific goals. Diverse strategies for target selection result in different distributions of observations.
This breaks the assumption of most machine learning algorithms that data are independent and
identically distributed (Goodfellow et al. 2016, chapter 5).

The distribution mismatch problem has arisen when we wanted to discover quasars (QSOs)
in SDSS data using LAMOST data (Sect. 2). It would be senseless to use only SDSS data to
train a machine learning model because the model would not learn anything new. However, the
utilization of LAMOST data should bring new knowledge to the model due to the distribution
difference between LAMOST and SDSS data. The model based on both LAMOST and SDSS
data can potentially lead to a discovery of yet unknown QSOs.

Transfer learning is a possible approach to reuse knowledge for discovery (Sect. 3). In
our case, we applied transfer learning to reuse knowledge from the LAMOST DRS version 3
archive for discovery in the SDSS DR14 archive. We experimented with transfer learning based
on a convolutional neural network (ConvNet) that revealed new QSOs in SDSS data (Sect. 4).

2. Data

At the time of our experiments, the most current catalogs of QSOs were the LAMOST DR4&5Q
catalog (Yao et al. 2019) and the SDSS DR14Q catalog (Paris et al. 2018). Unlike SDSS
DR14Q, LAMOST DR4&5Q is not cumulative, so we also included QSOs from LAMOST
DRI1Q (Ai et al. 2016) and DR2&3Q (Dong et al. 2018) catalogs. To complete our data, we
downloaded all spectra from LAMOST DRS version 3 (Luo et al. 2019) and SDSS DR 14 (Abol-
fathi et al. 2018).
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Figure 1.  Different distributions of training sets. Left: Proportion of classes QSO
and Other. Right: Redshift distributions of QSOs.

ConvNets assume that fluxes of spectra are sampled from the same wavelength grid.
Therefore, we resampled both LAMOST and SDSS spectra to a logarithmically spaced grid
of 2048 bins between 3839 and 8915 A using a flux conserving resampling (Carnall 2017). The
wavelength range keeps as many LAMOST spectra as possible. Then, we min-max normalized
flux axis of spectra to the interval [—1, 1] in order to enable classification based primarily on the
shape of spectra and added labels QSO or Other to spectra according to their presence in the
corresponding catalogs of QSOs.

Finally, we split the data into LAMOST and SDSS training, validation, and test sets. With
inspiration from sizes of splits of ImageNet Large Scale Visual Recognition Competition (Rus-
sakovsky et al. 2014), sizes of our validation and test sets are 50 and 100 thousand spectra. The
remaining spectra are in training sets (see Table 1).

Figure 1 demonstrates the distribution mismatch between LAMOST and SDSS training
sets with respect to the number of QSOs and their redshift distributions.

Table 1.  Counts of LAMOST and SDSS spectra and QSOs in splits of datasets

Data Release Training Set  Validation Set  Test Set
LAMOST DRS5 v3 8876365 50000 100000
No. of QSOs 31236 164 355
SDSS DR14 3990515 50000 100000
No. of QSOs 577712 7434 14447

3. Transfer Learning

Transfer learning is a machine learning method that reuses previously gained knowledge to
learn a new problem. In the context of ConvNets (Goodfellow et al. 2016, chapter 9), which are
a specialized kind of neural networks for processing data with grid-like topology (e.g. images),
transfer learning is carried out by initializing with pretrained weights followed by fine-tuning
with new data. The idea is supported by Yosinski et al. (2014), who showed transferred weights
to be better (in terms of generalization) than random initialization.

For our classification to QSO and Other classes, we started from VGG Net-A ConvNet (Si-
monyan & Zisserman 2014) chosen from all their ConvNets because it provided the best F;
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score on the SDSS DR 14 validation set. However, VGG Net-A was originally designed for im-
ages and not one-dimensional spectra, so we replaced its convolutions with one-dimensional
counterparts. This one-dimensional ConvNet will be denoted in the following text as 1D-
ConvNet.

Our transfer learning procedure has the following steps:

Step 1 Xavier (i.e. random) initialization (Glorot & Bengio 2010) of 1D-ConvNet.

Step 2 Training of 1D-ConvNet with the LAMOST DRS5 v3 training set using binary cross-
entropy loss, Adam optimizer (Kingma & Ba 2014), batch size of 256 spectra, and early
stopping when the loss on LAMOST DRS5 v3 validation set is not improved during an
epoch.

Step 3 Reusing of the trained 1D-ConvNet with transferred weights for training with the SDSS
DR14 training set.

Step 4 Fine-tuning of the pretrained 1D-ConvNet with the SDSS DR14 training set with the
same training characteristics as in Step 2, but the early stopping is based on the SDSS
DR14 validation set.

4. Results

Our application of 1D-ConvNet based on transferred weights to the SDSS DR 14 test set resulted
in 14277 correctly predicted QSOs, 170 missed QSOs, and 84330 spectra classified as Other
class. Moreover, there were 1223 false positives (spectra predicted as QSOs but not included in
SDSS DR14Q).

We visually inspected the false positives, compared their spectroscopic classification by
the SDSS pipeline (Bolton et al. 2012) with the prediction by 1D ConvNet. This analysis
confirmed that 1164 of the 1223 spectra are QSOs. If we incorporate this result of our analysis,
1D-ConvNet achieves 99.6% precision and 98.9% recall.

Furthermore, 1D-ConvNet found 49729 false positives in all SDSS DR14 spectra (train,
validation, and test sets combined). The SDSS pipeline classifies 47946 of them as QSOs, but
they are not listed in SDSS DR14Q. We also visually inspected false positive spectra classified
as Star by the SDSS pipeline and found that 1D-ConvNet correctly predicted at least 10 of them
as QSOs (see examples in Fig. 2).

Although our results seem promising to confirm the benefits of transfer learning for as-
tronomy, we have yet to evaluate 1D-ConvNet trained from random initialization with SDSS
DR14 training set and compare results.
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Figure 2.  Four examples of discovered QSOs that were classified as stars by the
SDSS pipeline.
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