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» Spectroscopic redshift (spec-z) v.s. Photometric redshift (photo-z)

* Spec-z by spectroscopy

* Photo-z by broad-band photometry

Redshifting of a Spectrum

Observed Wavelength (Angstroms)

Image from: https://ogrisel.github.io/scikit-learn.or
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» Photometric redshift (photo-z) estimation as a classification
problem supervised by spectroscopic redshift (spec-z)
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Bias 1: residuals as a function of spec-z or photo-z
Residual = (z_photo - z_spec) / (1 + z_spec)
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Bias 2: mode collapse
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Biases exist in various classification
& regression applications
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Splitting the learning of representation and classification

Representation Learning (all data)
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Bias correction procedure

Causes of biases due to
data, model, etc.
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Biases w.r.t spec-z are reduced by our method
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Correcting biases w.r.t photo-z

- Biases w.r.t photo-z not compatible with biases w.r.t spec-z
- First perform correction for spec-z then perform calibration for photo-z
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Photo-z calibration for cosmological analysis
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Comparison with state-of-the-art results
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Comparison with state-of-the-art results (continued)

- Bias correction w.r.t photo-z
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» Conclusion

- Two forms of biases.

« Redshift-dependent residuals
(Over-population-induced & under-population-induced)
» mode collapse

- Key 1: split the learning of representation and classification.

 The representation potentially contains all required information

(though biased).
« Re-train the classification part for resolving biases or other needs.
 Balance the number density of training data.
» Adjust the target output (= shift & soften labels).

- Key 2: Correct biases separately for spec-z and photo-z.

* First correct the biases w.r.t spec-z.
* Calibrate for photo-z if needed.

- Prospect

* Combined with other photo-z methods.
 Generalized to regression problems and used in other applications.
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(Pasquet et al. 2019)
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Correction of over-population-induced residuals:
construct a near-balanced subset

 Divide the input space into two-dimensional (z, mag) cells.

* Near-balanced subset: randomly select N instances in each cell (N <= Nth).

Original Near-balanced

r—band magnitude
N

12.5 12.
0.0 0.04 0.08 012 016 0.2 024 028 032 036 04 0.0 0.04 0.08 012 016 02 024 028 032 036 04

Zspec Zspec



Correction of mode collapse: introduce dispersion to labels

* Model G(z’|z, D) as Gaussians. Labels are given by JZ](z’|z,D) 5(z| D) dz

 Fit with the histogram of spec-z and the histogram of pre-estimated photo-z.

min{—p, .. 10g(P, 01 * N(O, 6))}

Approximation: same labeling dispersion along z for each r-band magnitude.
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Correction of under-population-induced residuals

» Extend the range.

z init_min z_init_max

» Relocate the (soft) label according to the center-of-mass of the modified distribution.

>

% Zo 2%

Relative Number

Spectroscopic Redshift



