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ABSTRACT: The Data Release 1 (DR1) of the Dark Energy Spectroscopic Instrument (DESI)
is the largest sample to date for small-scale Ly« forest cosmology, accessed through its
one-dimensional power spectrum (Pjp). The Lya forest Pip is extracted from quasar spectra
that are highly inhomogeneous (both in wavelength and between quasars) in noise properties
due to intrinsic properties of the quasar, atmospheric and astrophysical contamination, and
also sensitive to low-level details of the spectral extraction pipeline. We employ two estimators
in DRI analysis to measure Pjp: the optimal estimator and the fast Fourier transform (FFT)
estimator. To ensure robustness of our DR1 measurements, we validate these two power
spectrum and covariance matrix estimation methodologies against the challenging aspects of
the data. First, using a set of 20 synthetic 1D realizations of DR1, we derive the masking
bias corrections needed for the FFT estimator and the continuum fitting bias needed for both
estimators. We demonstrate that both estimators, including their covariances, are unbiased
with these corrections using the Kolmogorov-Smirnov test. Second, we substantially extend
our previous suite of CCD image simulations to include 675,000 quasars, allowing us to
accurately quantify the pipeline’s performance. This set of simulations reveals biases at the
highest k values, corresponding to a resolution error of a few percent. We base the resolution
systematics error budget of DR1 Pip on these values, but do not derive corrections from
them since the simulation fidelity is insufficient for precise corrections.
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1 Introduction

The 1D flux power spectrum of the Ly« forest (Pip) is rich in information on small-scale
physics (below one Mpc). It has been used to constrain the thermal state of the intergalactic
medium (IGM) [1-3], the amplitude and the slope of the linear matter power spectrum
at k ~ 1 Mpc~! [4-6], the primordial power spectrum [7], the sum of neutrino masses [8—
10], and the nature of dark matter [11-19]. The Dark Energy Spectroscopic Instrument’s
(DESI) [20, 21] now-public Data Release 1 (DR1) [22] has over 300,000 Ly« quasars, which is
the largest sample to date for Pip measurements by a factor of 1.7 compared to the Extended
Baryon Oscillation Spectroscopic Survey (eBOSS) [23]. This substantial increase in data size
necessitates a thorough investigation of Pjp and covariance matrix estimation techniques
and spectroscopic processing to ensure robust cosmological inference.

This work consolidates the validation tests performed for the two estimators used in
DESI DR1 P;p measurement — the Fast Fourier Transform (FFT) estimator presented in
ref. [24] and the quadratic maximum likelihood estimator (QMLE), also known as the optimal



estimator, presented in ref. [25], which differ at the level of their treatment of the data. The
optimal estimator weights pixels using a covariance matrix constructed from the pipeline
noise estimates and Ly« forest correlations, which enables this estimator to be robust against
gaps in the spectra that arise from masking contamination from unrelated physical and
instrumental effects. The Fourier transform is significantly faster than the inverse covariance
weighting of the optimal estimator, but requires simplifying assumptions in the treatment of
noise, resolution, and biases due to masking, especially of atmospheric lines.

It is further critical to ensure that the estimated covariance matrix of Pip accurately and
conservatively reflects the measurement errors. The FFT technique has a newly developed
covariance matrix estimator presented in ref. [24] that we summarize and validate in this
paper. The optimal estimator produces a Gaussian covariance matrix that underestimates
the errors and needs to be complemented with non-parametric bootstrap techniques [26, 27].
The bootstrap covariance matrix is noisy and numerically unstable for redshift bins with
low statistics. We develop and validate a new method for combining Gaussian and noisy
bootstrap covariance estimates to ensure smoothness and prevent underestimation of errors.

We produce synthetic 1D Ly« forest data using a log-normal transformation to validate the
statistical robustness and identify any needed bias corrections [28]. These Ly« transmission
fields do not have any instrumental and astrophysical effects, which are added via DESI’s
simulation package. We analyze 20 realizations of DR1 and estimate a Pjp and a covariance
matrix for each realization. Since these mocks are inherently random, the conclusions are
interpreted probabilistically using the Kolmogorov-Smirnov test. The corrections derived
from these mocks are applied to the measurements in refs. [24, 25].

Since Lya forest measurements, and P;p specifically, are highly sensitive to the details
of spectroscopic data processing, we also investigate the spectral extraction pipeline. The
primary concern with spectral extraction is the accuracy of the resolution matrix, as errors
increase quadratically with k values, biasing the small-scale information. We test the accuracy
of the resolution matrix by simulating 2D CCD images, which are extracted using DESI’s
spectroscopic data processing pipeline [29, 30]. This procedure has been computationally
expensive; however, after significant improvements to the pipeline, the images can now be
efficiently processed using GPUs at a fraction of the cost, achieving a speedup of over a factor
of 20. This enables us to match the sample size of DR1 by expanding our DESI early data
release (EDR) simulated CCD images by a factor of 15 [27, 31]. These CCD image simulations
help us quantify the systematic error budget in resolution, as we have done in refs. [24, 25].
The simulations can also enable us to quantify any biases introduced by the extraction pipeline
and serve as a means to test improvements in pipeline performance. However, simulation
fidelity needs to be improved before these results are used as bias corrections.

The outline of this paper is as follows. We describe the two types of simulated data in
section 2. Our methodology is presented in section 3, which provides details on the Pip
and covariance matrix estimators, as well as the quasar continuum fitting algorithm and the
Kolmogorov-Smirnov test. The optimal estimator is validated in section 4, and the FFT
estimator is validated in section 5. We estimate the accuracy of the spectroscopic data
processing and resolution matrix in section 6. The limitations of our analysis and directions
for future work are discussed in section 7.



2 Synthetic data

We follow the same procedure presented in the DESI early data release measurement to
generate synthetic data [27]. This procedure consists of two main components: generating
1D transmission fields with forest fluctuations and simulating the DESI instrument.

The 1D transmission fields are created using the lognormal model in ref. [28], which
we summarize briefly here. We first generate Gaussian random fields that are correlated
along the line of sight, with an input power spectrum tuned to approximately match the
desired flux power spectrum (these fields are uncorrelated between different lines of sight).
Then, they are multiplied by the appropriate redshift evolution functions and are applied
a lognormal transformation to obtain the column density, n(z), and optical depth, 7(z),
fields. The lognormal transform introduces nonlinearity and ensures that n(z) and 7(z)
are non-negative [26, 32]. Finally, the transmission field is defined as F(z) = e 7). We
generate these transmission fields on a linear wavelength grid with a 0.2 A spacing, without
any resolution or noise effects.

Simulating the DESI instrument also encapsulates creating a diverse set of quasar spectra,
whose continua are generated from a broken power law with emission lines using the simgso

L' We have two methods to simulate the

package [33] as a part of the desisim package.
DESI instrument.

The first method uses the quickquasars program in the same package. DESI observations
are simulated using the specsim? package [34] for quick simulations of the fiber spectrograph
response (see ref. [35] for a detailed description of quickquasars mocks). This program (after
generating random quasar spectra) simulates sky and instrumental noise, and incorporates
wavelength-dependent camera resolution, although it does not validate the computationally
expensive spectral extraction process.

The second method uses CCD image simulations to validate the spectro-perfectionism
resolution matrix [29] and validate the complete spectral extraction process. This method
projects mock quasar spectra (generated using simgso) onto two-dimensional images that
simulate DESI raw data at the CCD pixel level with the desisim package. We then process
these simulated images with the same spectroscopic reduction pipeline employed for actual
DESI observations [30]. This approach is more computationally expensive than the mocks
described above.

2.1 Quickquasars mocks

For these mocks, the quasar diversity, DESI instrument, and the sky are simulated through a
program called quickquasars in the desisim package. This program randomly generates
quasar spectra from a broken power law with emission lines, convolves the spectra with
the wavelength-dependent camera resolution for each spectrograph, adds noise appropriate
to a given flux and exposure time, and resamples the resulting simulated spectra onto the
output DESI wavelength grid of AApgsr = 0.8 A per pixel. The source contribution to noise
is smoothed with a Gaussian kernel of ¢ = 10 A to imitate the DESI pipeline [30].

"https://github.com/desihub/desisim
’https://github.com/desihub/specsim
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Figure 1. (Left) The average percent error and scatter in the generated mock r-band flux values
binned in redshift. We achieve a good match at z4s, < 4, which constitutes the majority of the DR1
quasar sample. (Right) SNR with respect to observed wavelength. We achieve a good agreement
between the data (blue) and the mocks (orange). Solid lines represent the median, and the area
between the 32nd and 68th percentiles is shaded.

Previously, in the DESI EDR analysis, the output resolution matrix was erroneously
calculated using a box-car average of the finely sampled camera resolution matrix, both over
rows and columns. This smoothed the resolution matrix twice and required a deconvolution
as a fix in the estimator. We corrected this double-smoothing issue in the output resolution
matrix, so that the deconvolution step described in refs. [27, 36] is no longer applied to these
mocks. However, the resolution matrix still needs to be oversampled by a factor of two to
improve the accuracy in the quadratic estimator formalism.

quickquasars was further improved to match the noise properties of the data [35]. This
was achieved by generating quasar continuum templates that match the r-band flux values
and adding noise to each spectrum based on the effective exposure time To,g = 12.15 x
TSNR{ R seconds, where TSNRyrq is the signal-to-noise ratio of the luminous red galaxy
(LRG) template [30]. The input r-band flux values must correspond to the unabsorbed quasar
continuum, although the Ly« forest begins to affect the r-band for quasars at z > 3.7. We
correct this effect by amplifying r-band flux values based on the average mean flux decrement
caused by the forest. The relative error in the generated mock r-band flux values is shown in
the left panel of figure 1, where the data points represent the mean error in a redshift bin and
error bars represent the scatter in that bin. We achieve a good match for the majority of our
sample (2qso < 4) and a maximum of 15% offset on average around z = 4.7. The right panel
of figure 1 demonstrates that the wavelength dependence of SNR in the synthetic spectra
parallels the data. All unique targets identified as quasars are simulated in our mocks at
their exact redshifts, approximately at the same r-band flux values and noise properties.

We randomly insert high-column density systems (HCDs), including damped Ly« ab-
sorption systems (DLAs), without any correlations with the underlying matter field. The
number of systems per unit redshift is set to be {(z) = 0.96e~7/%" following ref. [37]. We draw
column densities following the column density distribution presented in ref. [38] between
log Nyy; € [19.5,22.5]. In reality, these systems are expected to cluster with the underlying



density field [39, 40]. Therefore, the effect of clustering and incompleteness of real data
catalogs still needs to be included in cosmological analyses [41, 42].

We insert broad absorption lines (BALSs) into 16% of quasars [43, 44]. Unlike the
validation tests for Baryon Acoustic Oscillations studies [45], we do not introduce metal
lines or higher-order Lyman lines.

2.2 CCD image simulations

We produced CCD image simulations to validate the implementation of the resolution matrix
by the spectroscopic pipeline [30]. This is critical as the accuracy of the resolution matrix is
the dominant source of systematic error on small spatial scales. The simulations we produced
for this work were constructed in the same manner as those described in ref. [27] for the
EDR analysis [27, 36], so here we only provide a short description of how we generate the
spectra and then focus on the key differences from our previous work.

We produced the image simulations with the desisim package, which was built by the
DESI collaboration to develop and validate the spectroscopic data processing pipeline [30].
This package can produce realistic versions of the raw, two-dimensional CCD data that
are the starting point for the pipeline processing. The inputs to this code are the intrinsic
spectra of targets for a single DESI tile with apparent magnitudes representative of DESI
quasar targets. The code models the bias, gain, and readnoise of the detectors, as well as the
spectroscopic PSF, trace location, and throughput as a function of wavelength. The code
also includes a realistic model of night sky emission and spectroscopic standards.

As in ref. [27], we populate the tiles with only high-redshift quasars (4500 per tile), along
with a selection of the standard stars and sky fibers that are required for the operation of
the spectroscopic pipeline. As the DESI DR1 sample is substantially larger than EDR, we
construct 150 simulated tiles of DESI quasars. Our final dataset is, therefore, 675,000 quasars,
which is over an order of magnitude larger than the number we created for EDR and about
50% more than the number of DESI DR1 quasars at z > 2.09. Another significant change
relative to the EDR simulations is that we changed the redshift distribution from a uniform
distribution over 2.6 < z < 3.6 to one that is a better match to the observations. We also
generated mock arc lamp spectra, which are used by the pipeline to measure the PSF and
ultimately derive the resolution matrix. Finally, we processed the simulated dataset with
the same pipeline we used for the observations.

3 Methods

3.1 Continuum fitting

The power spectrum estimation requires the transmitted flux fluctuations dp due to Lya
forest absorption. For a quasar ¢ at redshift z,, this is given by

faN)
F(24)Cq(ArF)

where A is the observed wavelength, f,(\) is the observed flux, and Agp = A/(1 + z4) is
the wavelength in the quasar’s rest frame. Since g, is relative to the mean transmission

Opq(A) = -1, (3.1)



of the IGM (F), the quasar continuum C,(Agr) is multiplied by F(z,) at the Ly« forest
redshift z, = A/ ALya — 1.

In real data, the quasar continuum is unknown and needs to be estimated. We use
the same continuum fitting algorithm that was developed and has been applied to both
&p and Pip measurements to compute dp, [27, 46]. In this formalism, the definition of
the quasar continuum absorbs the mean transmission of the IGM, such that the quasar
“continuum” F(z4)Cy(Arr) is given by
log Arr — log )\g%
log )\g% — log )\g% 7

F(ZQ)CQ(ARF) = é(ARF) (aq + qu) , where A= (3.2)

)\%;2) are the minimum and maximum wavelengths considered in the calculation, C(AgF)

is the global mean continuum, and a, and b, are two quasar diversity parameters. These
quasar diversity parameters also absorb the mean IGM transmission.

The overview of our method is as follows (see refs. [27, 46, 47] for a detailed description).
For each quasar, we find the a, and b, values that minimize the following cost function
while keeping all other parameters fixed:

[fj — (aq + bgA;)C (ﬁiqu

)|
X2 = Z 5 + Z In O'g’j, (3.3)

J 94,

where the summation j is over all pixels in the forest region and ); is the observed wavelength.

2

2.;> Which must take into account the intrinsic large-

The major complication comes from o

scale Lya fluctuations U%SS:

o\
e = 1A Tpipe; + 0tss(A)(aq + bgAj)*C (1 +]Z ) : (3.4)
q

where () is the pipeline noise correction term. The FFT estimator uses a specific case
in which o, ; is assumed constant across the quasar spectrum. After every quasar is fit, we
stack all continua in the rest frame, update the global mean continuum C, and calculate
n and aﬁss as described in the references. This algorithm is implemented in two separate
packages: picca® [46] and gsonic* [48]. The FFT estimator uses picca as it has been part
of the same package, whereas the optimal estimator uses gsonic since it is significantly faster.
We also utilize one of gsonic’s differentiating features — employing a fiducial mean IGM
transmission to mitigate its coupling to quasar diversity parameters.

3.2 Optimal estimator

The quadratic maximum likelihood estimator (QMLE) formalism has been a highly successful
technique in power spectrum measurements from the cosmic microwave background radiation,
galaxy surveys, and weak lensing [49-52]. It was also successfully applied to measure Ly«
forest Pjp from a variety of datasets such as 3,000 quasars from SDSS [26], 527 high-resolution,

3https://github.com/igmhub/picca
“https://qsonic.readthedocs.io/en/stable/
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high-SNR spectra [53], and 54,600 quasars from the DESI early data release [27]. We call
this the optimal estimator.

The optimal estimator works in real space (instead of Fourier space) to estimate the
power spectrum and therefore allows weighting by the pipeline noise, accounts for intrinsic
Ly« large-scale structure correlations, and, most importantly, is not biased by masking
unwanted pixels in the spectra. We refer the reader to refs. [28, 53] for more details about
our development process and application to high-resolution spectra. In short, the optimal
estimator gives a power spectrum p, and its covariance matrix C, for each quasar ¢. This
covariance matrix C, includes contributions from the pipeline noise estimates, the signal
contribution based on a fiducial power spectrum, and the “survey window function” due
to masking and continuum marginalization. The final P;p estimate is a weighted average:
P =Ciot 24 C(;Ipq, where Ct_oi => Cgl. The inverse covariance matrix is also referred to
as the Fisher matrix F = C™!, and as the mode-mixing matrix in the CMB literature. This
matrix normalizes the power spectrum in the weighted-average sense and also deconvolves
the survey window function, which mixes different (k, z) modes due to masking, continuum
marginalization, and the reverse interpolation of pixel pairs into two redshift bins.

We have made large performance improvements to our code since DESI’s early data
analysis. These updates include: 1) Using a tile strategy while transpose-copying a matrix,
which is ten times faster than the straightforward implementation. 2) Calculating Q, =
C_lc,a instead of C_lc,aC_l, which reduces the number matrix multiplications. However,
the trace calculation for the Fisher matrix F,3 = 0.5 Tr(QaQE) can only be efficiently
performed using the fast transpose update of point 1, leveraging the dot product. 3) Fine-
tuning the shared-memory parallelization with OpenMP. Thanks to these performance gains,
the estimator is now four times faster, and we are now able to estimate Pip at 85 k bins per
redshift bin and perform repeated runs on many mock realizations of DR1.

3.2.1 Estimating the covariance matrix

Another major numerical update concerns the bootstrap covariance matrix. Qur code was
limited to using each MPI task as a subsample in DESI early data analysis. This largely
yielded noisy covariance matrix estimates since a few hundred independent samples cannot
fully explore all the fluctuations in an approximately 1000 x 1000 matrix. We had to resort to
strong sparsity cuts to suppress this noise, which prevented exploring correlated systematics
fluctuations. We now bootstrap over quasars to fully examine the covariance matrix. However,
we still have to make a few simplifying assumptions to speed up this procedure. The main
approximation concerns the Fisher matrix. Calculating this matrix for every bootstrap
realization is computationally expensive. Instead, we use the same Fisher matrix for all
realizations. Second, we assign an observation frequency for each quasar based on a Poisson
distribution with a mean of one [54, 55]. This means we do not have the same number of
quasars across bootstrap realizations, but ref. [54] has shown that this introduces a negligible
bias for a large number of independent data points (n = 100). Finally, we can directly estimate
the inverse covariance matrix (i.e. the Fisher matrix), which is what likelihood inferences
need, using the constant Fisher matrix approximation and the fact that under the assumption
of Gaussianity, (yy*) = C™! where y = C~!p. In other words, we calculate the covariance



of the weighted data vectors between bootstrap realizations, which is approximately equal
to the inverse of the covariance matrix of Pip.

Unfortunately, the resulting bootstrap is still susceptible to noise problems, mostly at
higher redshifts where there are only a few hundred quasars. However, we no longer need
strong sparsity cuts thanks to our new regularization scheme that can reliably preserve the
fluctuations due to systematics while suppressing the noise in the bootstrap inverse covariance
matrix estimates Fg. The optimal estimator formalism calculates the Fisher matrix under
the assumption of Gaussianity, which we will refer to as Fg below. We compute the final
bootstrap covariance as follows:

i?, normalize both matrices:

1. Using the diagonals of the Gaussian matrix v; = 4/ F;

R§ = F§Jvwy, Ry =Fj/vwv;. (3.5)

2. Subtract the two correlation matrices AR = Rp — Rg and smooth it using a 2D
Gaussian filter with ¢ = 2. The first half of the redshift bins is smoothed box by box
to eliminate edge effects. This step yields a smooth correlation difference matrix AR.

3. Reconstruct the smoothed bootstrap matrix Fp:

R} = RG+AR;  —  Fj=vRy. (3.6)

Theoretically, the Gaussian covariance matrix must yield the smallest errors. In more
formal terms, the inequality £TCpa > T Cgax must hold for all vectors . The smoothing
procedure described so far cannot guarantee this theoretical boundary by itself. We now
force this lower limit in two more steps.

4. We find the eigenvalues \; and eigenvectors e; of this smoothed bootstrap inverse
covariance matrix Fg. We calculate the values corresponding to each eigenvector
using the Gaussian matrix )\iG = eiTFGeZ-. These are the theoretical maxima, therefore
we replace \; — min()\;, /\iG ) and reconstruct f‘B with these new eigenvalues. This
procedure is the same as refs. [26, 27].

5. The inequality written above means that M = Cp — Cq must be a positive semi-definite
matrix. We calculate My by setting all negative eigenvalues of M to zero, and obtain
the final bootstrap covariance matrix: C%“al = Cg + M,.. Note that this step cannot

be done with inverse covariance matrices.

The left panel in figure 2 shows the initial difference matrix AR, where the redshift
increases from left (top) to right (bottom). The first two redshift bins exhibit strong off-
diagonal contributions in the bootstrap estimate, whereas higher redshift bins are significantly
noisier. The middle panel shows the 2D smoothed difference matrix AR. The noise is largely
suppressed. To preserve the off-diagonal structure of the first few redshift bins at the edges,
we smooth each redshift bin separately. The right panel shows the difference for the final
bootstrap estimate after forcing the inequality £TCpx > T Cgx.
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Figure 2. The difference matrices AR at three stages of the optimal estimator’s regularization
scheme. The redshift increases from left (top) to right (bottom) in each panel. The initial estimate
shown in the left panel has strong off-diagonal terms in the first few redshift bins and has significant
noise at higher redshifts. The middle panel shows the 2D smoothed difference matrix AR in which
the noise is largely suppressed. The right panel shows the difference for the final bootstrap estimate
after it is forced to be larger than the Gaussian covariance matrix.

3.2.2 Analysis choices

We calculate the transmitted flux fluctuations dp using gsonic with the following settings.
We set the rest-frame wavelength range to 1050 — 1180 A following the literature standard,
conservatively avoiding the large, hard-to-model profiles of the Lya and Ly emission lines.
We limit the observed wavelength range to 3600 — 7000 A based on the minimum wavelength
measured and the most distant observed quasar redshift (zqs, ~ 5) by DESI. The global
mean continuum C(Agp) is measured in 0.4 A steps. We select quasars with an average SNR
greater than one at wavelengths greater than the Lya emission line of the quasar and with
an average SNR greater than 0.3 in the forest region. We do not apply any pipeline noise
correction, but we still fit for n during continuum fitting.

When estimating P;p we split spectra into two segments if they have more than 350 pixels,
and we ignore segments with fewer than 20 pixels to reduce computation time and improve
continuum marginalization. We use 60 linear bins with Ak, = 5 x 107% s km™!, which is
comparable to the fundamental frequency of one segment, followed by 25 log-linear bins with
Akjpg = 0.01, reaching a maximum £ that remains smaller than the Nyquist frequency. We
measure Pjp with redshift bins of size Az = 0.2 from 2z = 2.0 to z = 4.6. As noted in the
DESI EDR analysis in ref. [27], the z = 2.0 bin is susceptible to noise and interpolation errors,
so we exclude it from all analyses presented in this work. We use the true power spectrum
as a fiducial to calculate the signal matrix [28], and interpolate the signal and derivative
matrices using sufficiently high resolution in redshift and velocity spacings.



3.2.3 Smoothing the measured power spectrum

The corrections proposed in this paper for the optimal estimator are scalings of a smooth
power spectrum Pypooth (k,2) following ref. [27]. This Pynooth is calculated by applying
SmoothBivariateSpline to the logarithms of 1+ z, k and measured (noisy) Pip with corre-
sponding statistical weights o0t/ Pip and a smoothing factor that is five times the number
of data points. This function in scipy is based on the algorithm presented in refs. [56, 57].

3.3 FFT estimator

The FFT estimator was used in several studies to directly compute P;p from a set of
transmitted flux fluctuations [26, 36, 41, 42, 58]. The complete description of the FFT
estimator used in this study is given in ref. [36]. We provide a brief description and present
the modifications below. The core concept of the FFT estimator is to decompose dp4(\)
for each quasar ¢ in the following manner:

5F,q()‘) = (5Lya,q()‘) + 5metals,q()‘)) ® Wq@‘v R) + ‘5noise,q()‘) ) (3-7)

where r,yq,4 is the Lya contrast we want to measure, dmetals,g corresponds to the contrast
caused by metal absorption in the Lya forest region, dneise,q is the noise contrast, and
W,(A, R) is the effect of the finite resolution of the spectrograph on both astrophysical
signals. It is derived from the resolution matrix R,, which characterizes the spectrograph
resolution [29, 30]. Crucially, this estimator is employed in the wavelength configuration, as
DESI processes the spectra in an equally spaced wavelength grid.

Following ref. [36], the derived Ly« contrast is cut into segments of the same length,
noted as s. We Fourier transform this contrast and account for the different correlations
in Fourier space between the signals mentioned above. The FFT estimator for the redshift
bin z and the wavenumber bin A is as follows:

Pi (A, 2) = {[Praves(k) = Paoise,s(W)] - R ()) _ ~ Pnetais(4), (3:8)

where the ensemble average is calculated over all segments and wavenumbers that fall into the
bin (z, A), and Praw,s is the direct Fourier transform of the transmitted flux fluctuation in the
Lya forest region, Pyoise,s is the noise power spectrum estimated directly from the pipeline,
and R is the Fourier transform of the resolution matrix for the segment s. Note that the
wavenumbers are naturally in A~! units, while the power spectra are in A units. Since our
mocks have no metal contamination, the Pjeta1s term is ignored in this work. Finally, our
objective is to validate and evaluate the astrophysical and instrumental systematics correction
terms in the final measurement of Pjp presented in ref. [24].

Before computing the FFT estimator, we apply an average signal-to-noise ratio cut
SNR > 1 per pixel, where the SNR is defined as the average over the considered part of the
Lya forest. To get thinner redshift bins without too much correlation, the dp’s are split into
three consecutive and non-overlapping segments of equal length. We remove segments shorter
than 75 spectrum pixels due to a cut in the UV region or the presence of a DLA. We also do
not consider the Lya segments with more than 120 masked spectrum pixels. We compute the
FFT Pp estimator by averaging (as shown with the (-) operation in eq. (3.8)) over individual
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Ly« segments. For convenience, we often refer to the term inside the averaging operator
as an “individual power spectrum”, denoted ps(k) for the segment s and the wavenumber
k, although this is not mathematically a power spectrum.

When averaging individual power spectra within a given redshift and wavenumber bin, we
apply weights w4 s = 1/0%(A, s) based on each segment’s SNR as described in ref. [36]. Here,
02(A, s) represents the variance associated with each segment s and wavenumber bin A, and is
fitted as a function of the segment’s SNR. The eq. (3.8) is then calculated as a weighted average
over all individual power spectra’s k wavenumbers that contribute to the wavenumber bin A:

EsEz,keA wa,sps(k)
Zsez,keA WA,s

(P) (A, z)= (3.9)

Contrary to ref. [36], we do not use the error bars obtained from the SNR weighting
scheme but choose to estimate the statistical error bars with the following unbiased estimator:

-1
(ZsEz wa,s)2 o 1) [ZsEz(w%,s)2P%,s
ZsEZ(wQX,s)2 ZsEz (wh,5)2

where Pa s = > pca, Ps(k)/Na,s, As is the ensemble of wavenumbers associated with segment

—(Pas)? |, (3.10)

s€z

(0)%(4,2) = (

s that fall into bin A, N4 s is the number of wavenumbers in Ay, and P4, is the average of
individual power spectra in bin A. The weights used here are defined as w’A’ s = Naswas.

3.3.1 Estimating the covariance matrix

We develop a new, unbiased estimator for the full covariance matrix that accounts for the
aforementioned SNR weighting scheme:

/ / -1
ZsEz wA,s ZSEZ wB,s 1
/ /
Zséz wA,st,s
/ /
lZsez wA,st,sPAJPB,S

/ /
Zsez wA,st,s

<C>(A7B7Z) = (

—(Pas) g, (PB.s)ses| - (3.11)

After ascribing a redshift bin to each segment, the averaging of individual power spectra,
along with the computation of the variance and the covariance, is performed independently
for each redshift bin.

3.4 Kolmogorov-Smirnov test
Our tests on mocks are based on calculating x? for each realization i

X12 = (pi - pref)TCi_l(pi - pref)a (312)
where C; is the estimated covariance matrix for realization i, and p.e is the reference
power spectrum. The latter is the analytically calculated power spectrum for the optimal
estimator, as both are naturally in velocity configuration [28]. However, the FFT estimator
is constructed in wavelength configuration, and the conversion from velocity to wavelength
configuration introduces slight biases. So, pt instead needs to be measured from mocks
for the FFT measurement.
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These x? values are inherently random, drawn from an “empirical” distribution with
an underlying cumulative distribution function (CDF): F(x?). We will compare this to
a theoretical distribution using the Kolmogorov-Smirnov (KS) test. The KS test is a
nonparametric test that does not require any assumptions about F(x?) when comparing it
against other probability distributions. It can reject the chosen null hypothesis if the p-value
is below a specified threshold. Typically, this threshold is set to 0.05, balancing the trade-off
between false negatives and false positives. We show below that this remains a reasonable
threshold for detecting a few percent biases with 95% efficiency.

Our theoretical distribution is a x? probability distribution with the given number of
degrees of freedom of the data vector, v. Let us denote the CDF of this distribution as G(x?).
We adopt the one-sided KS test with the following:

o Null hypothesis: Results are unbiased, and errors are correctly estimated or overesti-
mated, F(x*) > G(x?).

e Alternative hypothesis: Results are biased, or errors are underestimated, F(x?) < G(x?)
for some 2.

We reject the null hypothesis (therefore fail the validation test) if the KS test yields a p-value
less than 0.05. This is similar to goodness-of-fit tests, where higher p-values indicate a
better fit. Due to computational time limitations in analysis, we generate 20 independent
realizations, which limits the power of the KS test.

We first note that our p-value threshold of 0.05 sets an upper bound of 95% on the
true-positive rate, even when the null hypothesis holds (p-values are uniformly distributed
between zero and one in this case). We run numerical trials to further understand how
effective this choice of p-value is against a possible global bias factor on covariance. We
run 10,000 numerical trials, where we generate 20 random numbers from the y?(v = 1035)
distribution in each trial. We find that, with these choices, we can rule out a 2.85% bias in 80%
of trials and a 3.75% bias in 95% of trials. In other words, there remains at least 5% chance
to falsely pass the validation test even though the distribution was biased by a few percent.
A smaller p-value of 0.01 would reduce the chance of falsely rejecting the null hypothesis but
would require a bias as large as 3.69% to rule it out in 80% of the trials. In contrast, a larger
p-value of 0.1 can rule out a 2.41% bias in 80% of trials, but at the cost of a higher chance
of falsely rejecting (failing) the null hypothesis (validation test). The most effective way to
improve the KS test is to increase the number of mocks, which we leave to future work.

Lastly, we occasionally quote the two-sided KS test results to understand whether errors
are overestimated. The null hypothesis in this case is F(x?) = G(x?), i.e., the errors are
correctly estimated. We can logically conclude that the errors are overestimated if the
one-sided test passes and the two-sided test rejects the null hypothesis.

4 Validating the optimal estimator

We start our analysis by validating the optimal estimator. Because of its insensitivity to
masking and consequently the survey window function, the list of tests simplifies to tests
of uncontaminated data and fully contaminated data.

— 12 —



x10-3 0.001 s km~! =k = 0.75kyyq

T T T O A T S A AR AU x1072 .
[ mm= Gaussian (p=0.03) 250100 126 130 |34 1381f
st Bootstrap (p=0.64) | [ r
i —— Truth (1028 dof) 20[-
6r I T R T . ai Ll
5 | s | !
o, E .o . RPPRI I L |
g S T R
[ [ 3
r 5 w_a T R— u"i"l.:;l‘l“( w
. ; ¥
[ of : %'."‘“[ [ : s
0 L1 . L éﬂl W1 T "l
950 1000 1050 1100 1150 1073 1072 1073 102
Chi-squared k[s km~1] k [s km~1]

Figure 3. (Left) PDF of x?—squared values for the no-systematics case from the optimal estimator.
The Gaussian covariance matrix fails the KS test by yielding a p-value of 0.03, while the bootstrap
covariance matrix passes it by yielding a p-value of 0.64. (Right) The ratio between the estimated Pip
from the stack of 20 mock realizations and the true power minus one. The ratios are shifted vertically
for clarity. Dashed lines indicate the expected value of zero for each redshift bin. The area within
1% of the expected value is shaded. The fluctuations are between 0.5% and 1% for z < 3.6. Higher
redshifts fluctuate more, so they are not shown for clarity.

Even though the optimal estimator can marginalize over the dominant continuum fitting
errors, it cannot completely eliminate them. These errors add additional power to all k
scales through higher-order correlations. We derive this bias for the optimal estimator and
examine the effect of masked pixels on the induced bias.

4.1 Validation in the absence of contaminants

This section aims to (1) validate the estimators when no contaminants are present and the
quasar continuum is perfectly known, (2) validate the covariance matrix, and (3) derive the
biases resulting from the continuum fitting procedure. We generate and use 20 quickquasars
mocks without any contaminants for this goal.

We use the underlying true continuum of quasars and mean flux to derive transmitted
flux fluctuations, which bypasses the continuum fitting step. The purpose of this test is
to confirm that our pipeline does not introduce any small numerical errors due to factors
such as interpolation, weighting, and random noise. We run the quadratic estimator without
marginalization, as no continuum fitting errors exist. However, in the case of real data
with continuum marginalization, & < 0.001 s km™' bins will become unusable due to
continuum fitting, as we will discuss shortly. Additionally, high-k bins will be limited by
the spectrograph resolution, which we quantify with respect to effective velocity spacing
R, = cAMpgsi/(1 + 2) ALy of each redshift bin, where AApggr = 0.8 A. So, we limit the k
modes to the following range: 0.001 s km™'< k < 0.75 knyq(2), where the Nyquist frequency
is defined as knyq(2) = /R, and increases with redshift. We perform the KS test described
in section 3, and obtain p-values of 0.03 for the Gaussian covariance matrix and 0.64 for the
bootstrap covariance matrix (as described in section 3.2.1), which is shown in figure 3. This
indicates that the Gaussian covariance matrix does not fully capture the errors. Since the
bootstrap matrix’s p-value is greater than our 0.05 threshold, we consider this test passed
by the optimal estimator.
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We performed two additional checks. First, a two-sided KS test yields p = 0.88 for the
bootstrap covariance matrix, which indicates that it is likely a good description of the true
covariance matrix. Second, we stack the results from all 20 mock realizations by averaging
Pp estimates. The resulting, more precise Pip follows the underlying true power, which is
shown in the right panel of figure 3. This ratio reveals hints of subpercent-level biases in
3.8 < z<4.4, and a 5% bias at z = 4.6 due to edge effects, which is not shown in the figure
for clarity. Correcting for these biases or inflating the covariance matrices to account for these
errors yields p-values greater than 0.9 for both cases, but likely overcorrects or overestimates.
We will revisit this point when we include more realistic features in the mock spectra below.

The second goal is to investigate the effect of continuum fitting. We fit each quasar with
aq + byA polynomial and marginalize out polynomials of A from dr up to and including
the second order. Besides contaminating low-k modes, the continuum fitting adds extra
power to all scales through three-point correlations. This bias is strongly detected with
a p-value of approximately zero. Therefore, we need to quantify and correct this bias in
our measurements. We model this as a relation with respect to the underlying true power
Pirue such that Ppeas/Pirue — 1 = b(k), where Ppeas is the measured Pip. To eliminate
the statistical noise and possible systematic artifacts, we use the estimated Pip with true
continuum in the denominator. We fit b(k) from the stack of 20 mocks with a first-order
polynomial of k/(0.009 s km™!) between 0.001 s km™'< k < 0.75 knyq at each redshift
bin. The resulting bias is b(k) ~ 6 x 1073. Section 4.2 provides more details about the
robustness of these bias estimates.

We correct each power spectrum estimate using the smooth power spectrum as P,y =
Preas — %Psmooth for each redshift bin. After this correction, the bootstrap covariance
matrix passes the KS test with a p-value of 0.1, whereas the Gaussian covariance matrix
still fails. We conclude the optimal estimator results with bias correction, and the bootstrap
covariance matrix is validated in the uncontaminated case. Since these mocks do not include
systematics realistically, this correction is not applied to the data. The correction that is
applied to the data is derived in the next subsection.

4.2 Validation of masking HCDs, BALs, and atmospheric lines

The real data is contaminated by BAL features, HCDs, and atmospheric emission lines, and
is complicated by the “survey window function” resulting from masking these features. The
FFT estimator must correct for this window function (masking bias), whereas the quadratic
estimator must confirm its robustness by construction. We generate 20 quickquasars mock
realizations with BAL features and randomly placed DLASs to focus on the effect of masking
specifically.

The optimal estimator method has two goals. The first goal is to confirm that masking
these features does not introduce any biases. We calculate the transmitted flux fluctuations
using the true continuum of each quasar to separate the effect of continuum fitting and
mask all BAL features and HCDs at their exact locations.” We further mask the regions
around sky emission lines that will be masked in real data analysis. Then, we estimate Pip

5As opposed to searching for their locations using a finder algorithm, which may produce incomplete,
impure, and incorrect size estimates.
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Figure 4. Fitted linear relation for b(k) for redshifts bins with over 3o detection significance for the
optimal estimator. The solid lines are derived from fully contaminated mocks, and the dashed lines
are derived from uncontaminated mocks. The b(k) values for the contaminated mocks are larger than
those for the uncontaminated case for all redshifts except z = 3.8. The difference arises from the
continuum-fitting response to the underlying large-scale density field and the survey window function.

without any marginalization. We obtain p-values greater than 0.7 for both the Gaussian
and bootstrap covariance matrices; therefore, the optimal estimator passes this test. The
Gaussian matrix passing this test after previously failing may seem unexpected. However,
this is due to weakening statistical power, as some pixels are “thrown out”, which results
in diagonals of the Gaussian covariance matrix to be 30% larger on average.

The second goal is to investigate the effect of continuum fitting when these features are
masked. We follow the same steps outlined in section 4.1. The p-values are again zero without
any correction. After the bias correction, the bootstrap covariance matrix passes the KS test
with a p-value of 0.83, whereas the Gaussian covariance matrix fails with a p-value of 0.03.

Figure 4 shows the fitted polynomial and its 1o contours for the first nine redshift bins
where the bias is detected at greater than 3¢ significance. The solid lines and shaded regions
denote b(k) for the fully contaminated mock, whereas the dashed line is b(k) derived from
uncontaminated mocks discussed in section 4.1. It is important to note that the uncertainties
reflect the statistical power of a 20 times larger dataset. The b(k) values for the contaminated
mocks are larger than those for the uncontaminated case for all redshifts except z = 3.8. The
difference is caused by the continuum-fitting response to the underlying large-scale density
field within the unmasked forest region. We conclude that the optimal estimator with this
correction term (listed in table 1) and a bootstrap covariance matrix is accurate.

5 Validating the FFT estimator

In this section, we validate the FFT estimator. The KS test is performed over the same
wavenumber range used in the EDR and DR1 measurements [24, 36], i.e., 0.0468 A~! < k < 2.0
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2 b(k) x 10° z b(k) x 10° z b(k) x 10°
2.2 | 6.768 — 0.699z | 2.8 | 5.611 —0.098z || 3.4 | 8.913 + 0.093z
2.4 | 5.736 — 0.692z | 3.0 | 6.206 — 0.101z || 3.6 | 10.825 + 0.172x
2.6 | 5.865 — 0.026z | 3.2 | 8.335 — 0.089x || 3.8 | 7.599 — 0.059z

Table 1. Bias corrections b(k) for the optimal estimator method that are derived from the stack of
20 fully contaminated mocks, where z = £/0.009 s km~1.

A~ Since the small-number statistics in the higher redshift bins result in poor estimation
of the covariance matrix and possible outliers, we limit the analysis to the redshift range
2.1 < z < 4.3, as was done for the DR1 FFT measurement.

The bias correction for FFT is different from the optimal estimator strategy. We fit a
second-order polynomial to P/ P, obtained from the stack of all realizations, where m
denotes the considered case, and correct each realization by directly multiplying it by this
fit. Additionally, a systematic uncertainty is added to the covariance matrix used for y?
calculation in the KS test. This uncertainty is defined as a percentage of the relative correction
on Pip. For the previous EDR measurement [36], the percentage was equal to 30%. We use
this percentage as the default for all the corrections tested in this article.® We incorporate this
more realistic level of systematic uncertainty into all the cases below as part of the KS test.

5.1 The power spectrum from transmission files

The FFT estimator works in wavelength configuration instead of velocity configuration;

I units. In this section, we test the

that is, it estimates Pip in A units instead of km s~
consistency of the two.

The transformation between the two configurations is non-linear in general: v = cln A/\,,
such that the velocity separation between two points is vy — v; = Av = cIln Ay /A;. For small
separations, this is approximated as Av = c%\, where AN = Ao — A\ and Ao = (A + \2)/2.
For a redshift bin z, the central wavelength becomes A. = (1 + 2)Aryq. The conversion from

A units to km s~! units is then as follows:

1+ 2)ALya
= —C k and Py = UF2we

v Pfu- ].
(1 Jrz))\Lya c (5-1)

We compute the mock transmission power spectrum (Pians) and compare it to the input
power spectrum (Pyput) converted from velocity to angstrom units to assess the validity
range of this conversion in the absence of other complications. Figure 5 shows the relative
difference Pirans/Pinput — 1. We omit the highest three redshift bins for clarity, since they
yield large error bars. We find percent-level biases in wavenumbers below k < 1 A~! across
all redshift bins. However, such a difference is not observed in the DR1 data between the
optimal and FFT estimators, which may be obscured by other systematics in real data.

This and other biases in the FFT estimator make it difficult to have a settled reference
power spectrum for eq. (3.12). In contrast to the optimal estimator analysis, the reference
power spectrum is adapted to the considered case to mitigate effects other than the one
being investigated.

SExcept for BAL masking, where a smaller percentage is sufficient to pass the test as discussed later.
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Figure 5. The relative difference between the power spectrum from mock transmissions (Pirans) and
the input power spectrum (Pinpyt) for the FET estimator. The highest three redshift bins yield large
error bars and are omitted for clarity. We find that the conversion between wavelength and velocity
units introduces small biases at k < 1 A~! across all redshift bins as the small separations assumption
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-2
Zf;q‘ e | N s L B B o
ok JE ]
— L ]
| [
2 -2 I ]
c [
S I ]
3 L ]
Q- [ le
-6 T iEly ]
[ ¢ 3.0 ¢ 3.4 Lio¢ 3.8
—8- P R IR R | PR SRR R USRI RS B | Errara MU R R S |
0.5 1.0 15 2.0 0.5 1.0 15 2.0 0.5 1.0 15 2.0
k[A1] k [A-1] kA1

Figure 6. Comparison between the power spectrum measured on the transmission files and the
one obtained using the true continuum imposed by quickquasars for the FFT estimator. Only a
representative sample of redshift bins is shown for clarity. This ratio quantifies the misestimation of
the resolution damping correction, which affects the smallest scales. We use this ratio as an additional
correction for the resolution in the DR1 measurement [24].

5.2 Validation in the absence of contaminants

This section aims to (1) identify biases in the resolution treatment, (2) validate the covariance
matrix, and (3) estimate the biases resulting from the continuum fitting procedure. As
in section 4.1, we generate and use 20 quickquasars mocks without any contaminants
for these goals.

We start by using the true continuum of quasars and mean flux as before. Using the
above Pians as the reference power spectrum, we investigate if any bias remains in the
stack of all 20 mocks. Figure 6 shows the ratio between the two power spectra. We find a
bias at small scales, which may be due to the Fourier treatment of the resolution matrix
or an issue with noise subtraction. We remind the reader that quickquasars mocks do
not involve complicated spectro-perfectionism reduction and instead provide an average
resolution matrix for simulated cameras. We also note that the bias changes by 0.2% on
average across all redshifts (wavelengths), which indicates that this bias is due to the Fourier
treatment of the resolution matrix.
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Figure 7. (Left) PDF of chi-square values for the no systematics case for the FFT estimator. The
one-sided KS test indicates that the covariance matrix estimator passes the validation threshold.
(Right) PDF of x? values before (orange) and after (blue) continuum bias correction and resulting
one-sided KS test p-value.

To achieve our second goal, we set our reference power spectrum (Prer in eq. (3.12)) as
the stack of all 20 mocks. Since this reference power has the same resolution bias as the
individual Pjp estimates, the net contribution of resolution bias is removed from this test.
To test the estimated covariance matrix of each realization, we compare the estimated Pip
of this realization to the reference power spectrum and calculate x? using the covariance
matrix derived for each realization (the errors in P are ignored). Using the covariance
from eq. (3.11) results in a one-sided p-value of one and a two-sided KS test p-value of zero.
This indicates that the covariance is overestimated. We renormalized the covariance by a
10% factor and show the resulting x? distribution in figure 7. We obtain a one-sided p-value
of 0.85 and a two-sided p-value of 0.27, which indicates that the x? distribution passes the
KS test and is closer to the expected Gaussian distribution. We note that the relatively
low value of the two-sided p-value is caused by the shape of the distribution rather than
an amplitude offset in the covariance.

To estimate biases arising from continuum fitting, we use the same reference power
spectrum, removing other possible causes that could explain the change in P;p while fitting
the quasar continuum, such as spectrum pixelization, resolution modeling, and noise, since
these affect both true continuum and fitted continuum estimates in the same manner. Figure 8
shows the impact of continuum fitting on Pyp. This is a small effect (1% at z < 3.2 and
up to 2% at z > 3.4) and in agreement with conclusions from the optimal estimator and
findings from EDR analysis in ref. [36].

We include a systematic error budget in the covariance matrix, as discussed before, to
perform the KS test. The KS test with our correction and the additional error budget
passes the p-value threshold, increasing it from zero for the uncorrected case to one, which
is shown in the right panel of figure 7. This is expected, considering that we are dealing
with a relatively small effect.
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Figure 8. Impact of continuum fitting on Pjp for the FFT estimator. Comparison between the
average of 20 mocks with true continuum (P,ef) and fitted continuum (Peont). Only a representative
sample of redshift bins is shown for clarity. We fit a second-order polynomial for k£ > 0.1 A that takes
the error bar of each point into account.

5.3 Deriving and validating masking corrections

The FFT estimator requires data points to be regularly spaced. We mask pixels by setting
the value of the Lya contrast dz to zero. Since all masked pixels are taken into account when
computing Pp, masking introduces a bias that must be corrected. This bias is effectively a
survey window function that convolves all Fourier modes. Here, we approximate this effect
with a scale-dependent bias in Fourier space as was done in previous Lya Pjp estimates
with FET. Our baseline approach follows refs. [36, 42], i.e. we use the FFT estimator to
compute the ratio between the masked and unmasked power spectra of quickquasars mocks.
For each redshift bin, this ratio is fit with an appropriate polynomial to derive a correction
that we will multiplicatively apply to the data in a later step. In this section, the masking
corrections for HCD, atmospheric lines, and BAL are computed and tested. Additionally,
we test the multiplicativity of these masking corrections when they are combined with the
continuum fitting correction defined in previous sections.

5.3.1 HCD masking

The presence of non-IGM components due to HCDs, in addition to the Lya forest absorption
due to neutral hydrogen in the IGM, significantly impacts the measured Pjp. These HCDs
produce deep and wide absorption in the Ly« forest with extended damping wings. These
features occur when the sightline to a quasar passes through the circumgalactic environment
of an intervening galaxy. The contamination by these systems is a major source of systematic
uncertainty in the estimation and cosmological interpretation of Pjp, especially for small
values of k (e.g., see ref. [40]).

To assess the impact of these effects, as well as the overall impact on Pip we rely again on
20 quickquasars mocks. The effect of pure masking is tested by masking the DLA regions
using their exact locations and column densities in uncontaminated mocks. This isolates the
effect solely to masking by removing the complications that come from a mismatch in the sizes
of DLA regions estimated using column densities. We perform continuum fitting correction
with and without masking HCDs and compare their ratio. The resulting bias is below the
percent level and nearly featureless (constant in k). Nevertheless, when uncorrected, the
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Figure 9. Impact of atmospheric emission line masking on the one-dimensional power spectrum
for the FFT estimator. The impact is quantified by the ratio of the reference power spectrum (Pref)
to the atmospheric emission line masked power spectrum (Piky). The fitted solid lines are used as
corrections for the bias induced by atmospheric emission line masking.

estimates yield a p-value of zero, failing the KS test. We pass the KS test with a p-value
of one by applying the HCD correction.

5.3.2 Discrete line masking

We mask the atmospheric emission and Galactic absorption lines identified in ref. [36]. These
features occur at fixed observed wavelengths across all spectra, so that they introduce a
larger bias through these correlations.

In this section, we improve the precision of our bias correction using the new, larger
set of mocks tailored for DESI DR1. As before, we calculate the ratios Py /Pref and fit a
second-order polynomial to the stack of all realizations. These are shown in figure 9. The
largest corrections occur at redshift bins z = 2.2 and z = 2.6 due to sparse atmospheric line
emissions and Galactic absorption due to the Ca 11 H&K doublet lines at 3968 A and 3933 A.
For z > 2.8, the corrections are only caused by atmospheric emission line masking.

The left panel of figure 11 shows the x? distribution for the KS test, which gives a
p-value of 0.90. This test indicates that the correction derived is well-suited, even with a
significant impact on the power spectrum. It also indicates that the systematic uncertainty
associated with this correction (which is set to 30 % of the correction itself [24], included

in the covariance matrix) is properly estimated.

5.3.3 BAL masking

The companion paper [24] performs a variation of the FFT analysis that shows that BALs
detected with Absorption Index (AI, see ref. [43] for details) cause a significant deviation
at large scales and should be accounted for. Here, we derive a correction associated with
the masking of BAL systems with Al > 0 by comparing P;p when features are masked to
the unmasked case. This is shown in figure 10.

For the KS test in this case, we decrease the associated relative systematic uncertainty
caused by the BAL AI masking correction to 6%, as the default value (30%) is a significant
overestimate according to the x? distribution. With this new uncertainty, we consider the
obtained one-sided p-value of 0.45 (shown in the left panel of figure 11) sufficient to validate
the correction and its systematic uncertainty.
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Figure 10. Impact of BAL AI masking on the one-dimensional power spectrum for the FFT estimator.
The impact is quantified by the ratio of the reference power spectrum (Ppet) to the BAL Al masked
power spectrum (Ppar,). Only a representative sample of redshift bins is shown for clarity. The fitted
solid lines are used as corrections for the bias induced by BAL Al masking.
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Figure 11. (Left) PDFs of x? values for the FFT estimator after atmospheric (sky) line masking
correction (blue) and BAL AI masking correction (orange). The KS test indicates that the covariance
matrix estimator with added systematic error budget passes the validation threshold. (Right) PDF of
x? values after the combined effect of DLA, BAL AI, and sky masking is corrected by multiplication
of individual effects. The KS test shows that these corrections can be multiplied.

5.3.4 Combining corrections

The FFT estimator requires several corrections associated with continuum fitting, DLA, BAL
Al, and atmospheric line masking. The main measurement assumes the multiplicativity
of these corrections, i.e., if all effects are applied simultaneously, the full correction is the
product of individual corrections. However, this assumption does not account for potential
correlations between the effects. Masked regions of different effects can significantly overlap,
resulting in an overestimation when the product of corrections is applied. Additionally, some
masking corrections can differ with and without continuum fitting.

In order to test the multiplicativity assumption, we create a set of mocks with continuum
fitting for which the three masking effects are applied. We correct the Pip of each mock
by the product of individual corrections. Furthermore, we include a systematic uncertainty
that is the quadratic sum of the previously described individual uncertainties. The corrected
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measurement is compared to the one using the true continuum of quasars, and the results
of the KS test are shown in the right panel of figure 11. Without changing the percentage
associated with systematics, the one-sided p-value of one indicates that the assumption of
correction multiplicativity is verified as correct. The lower x? values compared to expectation
indicate that the whole combination of systematic uncertainties is likely overestimated.

6 Accuracy of the spectrograph resolution

Uncertainty in the resolution correction dominates the systematic error budget for Pip at large
wavenumbers. When the bias in the spectrograph resolution (byes) is small, the scale-dependent
error on Pip can be written as byes X 2k?R? X Pyyo(k, 2), where R, = cAlpgst/(1 +2)ALya [27].
Our goal is to quantify these systematic errors on Pjp using CCD image simulations processed
with the DESI spectroscopic pipeline (described in section 2.2). In a previous work, we
validated the spectro-perfectionism algorithm and its resolution matrix in Pip estimation
when the PSF is perfectly known [27]. We also showed that there is a wavelength-dependent
bias of byes(2) ~ 1% in the spectrograph resolution when the PSF is empirically measured
from arc calibration lamps. Our focus here is on a better quantification of byes(2).

We simulate 675,000 spectra, which is fifteen times the number used in our EDR analysis,
and extract them using empirical PSFs in the same manner as DESI’s nightly operations,
using the same version of the pipeline used for DR1 processing. The relative errors of both
estimators with respect to the reference power spectrum (analytically calculated for the
optimal estimator and measured from the transmission files for the FFT estimator) are shown
in figure 12, where the blue points stand for the FFT results and the red triangles for the
optimal estimator results. We remind the reader that we generated these simulations with

a maximum quasar redshift of 24>* = 3.6, corresponding to a maximum forest redshift bin

of zp** = 3.4. The two estimators generally display the same trend in error, except for a

few key differences. First, they show different error trends at high k for z = 2.2 and 2.4.
Such differences are normal, as each estimator has a unique treatment for the resolution
correction. Second, the FFT estimator has a larger bias at low k£ than the optimal estimator.
This large-scale bias is unexpected and is unlikely to originate from a purely resolution effect.
We do not include this large-scale offset or remove its contribution at high k& by keeping
the k2 functional form without additive terms. The bres(z) are derived in each redshift bin
independently and noted in the figure.

Our recommendation is to include these biases in the systematic error budget as correlated
fluctuations, rather than correcting for them in the measurement. First, the simulation fidelity
needs to be improved, and the large-scale offset must be understood to ensure the precision
of such corrections. Second, these biases partially arise from errors in estimating pipeline
noise. Later versions of the spectroscopic pipeline include minor changes in this area. We
reprocess the simulated spectra with the latest version of the pipeline available and confirm
that these changes alter, but do not eliminate, the high £ bias. This is an ongoing effort.

The offset at large scales remains in both versions of the spectroscopic pipeline. Various
diagnostic quantities do not indicate any problems with the pipeline, such as stacked flux
for measuring flux calibration errors and estimating power in spectral regions with no power
(null test). We also do not observe a 5% difference in real data between the two estimators
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Figure 12. Systematic errors due to the spectral resolution derived from CCD image simulations for
both estimators. As we have shown previously in ref. [27] for the optimal estimator, the bias depends
on the wavelength, changes direction, and corresponds to 1 — 2% precision. The bias of the FFT
estimator seems consistent in direction across wavelengths and agrees with the optimal estimator
results except for z = 3.0. We do not correct for this bias but instead include it in the systematic
error budget as a correlated fluctuation.

at z = 3.0, which makes us assume that this is an error in the simulation stage rather than
the extraction stage. This will also be investigated in the future.

7 Discussion

We have validated the Pjp measurement pipelines for DESI DR1 against major systematics
such as masking contaminated pixels (survey window function), biases arising from continuum
fitting errors, and the spectroscopic pipeline for both the optimal and FFT estimators. We
generated two classes of synthetic spectra.

The first class is based on 1D Ly« transmission fields and includes a diverse set of quasar
spectra and simulates the DESI instrument in 1D. We generated 20 realizations of DR1 and
used these spectra to (1) validate that the optimal estimator is robust against masked pixels
and (2) derive masking bias corrections for the FFT estimator and validate their application.
Additionally, we calculated the continuum fitting error bias for both estimators.

The second class of synthetic spectra projects quasar spectra onto realistic, 2D CCD
images that simulate raw DESI data. These are then processed with the DESI spectroscopic
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reduction pipeline. Using these CCD image simulations, we quantified the accuracy of the
spectrograph resolution to be around 1%. The result of all of these tests is that the DESI
Pip measurement pipeline is robust and understood at the percent level.

Given the increased number and signal-to-noise ratio of spectra from ongoing DESI
observations, it is important to continue improving synthetic data generation to take full
advantage of the data’s increased statistical power. First, the mock power spectrum is only
tuned to match the observations with 10-20% agreement on average. Improving the fidelity
of the mocks to the data will improve the accuracy of the various corrections presented
in this article, and enable end-to-end P;p validation analyses that include cosmological
inference in future pipelines.

Relatedly, HCDs are randomly placed into our mocks, and their column density distribu-
tion is based on measurements from smaller samples than are currently available. The masked
regions at HCD locations are correlated with the Lya forest, which introduces an additional
bias for both estimators in real data. In a future study, these systems can be placed with an
abundance matching formalism to include forest-HCD correlations and study the cosmological
implications of HCDs beyond masked pixels. This 1D formalism would be significantly
cheaper than realistic hydrodynamical simulations. Furthermore, in real data analysis, only
the densest systems, DLAs with column density Nyp > 10293 ¢cm™2, can be identified with
85% completeness and purity depending on the confidence level and SNR cuts [59-61]. This
means all weak HCDs (Ny; < 10203 cm™2), as well as missed DLAs, are left unmasked
in the data. They impact Pip through their intrinsic average line profile (one-halo effect)
and their clustering (two-halo effect), since they are biased tracers of cosmic structure. For
similar reasons, falsely detected DLAs may also bias the estimated Pip. As the DLA finder
is expected to find false positives preferentially in regions of large absorption, the associated
mask is correlated with the Ly« forest. We leave the study of these effects to future work.

None of our simulations includes masking due to cosmic rays. However, the statistics of
such pixels are minor and are not expected to alter the measurement at levels comparable to
those of atmospheric lines or other astrophysical contaminants. Finally, we note that FFT
masking can be improved by applying analytic window correction methods, as in ref. [62],
thereby drastically reducing the systematic error introduced by masking. This improvement
will be performed in future studies.

Software. The optimal estimator” is written in c++. It depends on CBLAS and LAPACKE
routines for matrix/vector operations, GSL® for certain scientific calculations [63], FFTW3? for
FFTs [64]; and uses the Message Passing Interface (MPI) standard!® to parallelize tasks. The
FFT estimator and associated plots are generated with picca 4 (9.12.3) and pldesil! (2.0.1)
software. The quasar spectra are organized with the HEALPix [65] scheme on the sky. We use
the following commonly-used software in python analysis: astropy!? a community-developed

"https://github.com/p-slash/lyspeq
Shttps://www.gnu.org/software/gsl
“https://fftw.org
Yhttps://www.mpich.org
“https://github.com/corentinravoux/pldesi
Phttps://wuw.astropy.org
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core python package for Astronomy [66-68], numpy'® an open source project aiming to enable
numerical computing with python [69], scipy'* an open-source project with algorithms for
scientific computing. healpy to interface with HEALPix in python [70], Finally, we make plots
using matplotlib'® a comprehensive library for creating static, animated, and interactive
visualizations in python [71].
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