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Abstract

Context. Weak gravitational lensing (WL) surveys provide insight into the matter distribution over an extensive range of scales. Current WL results are in mild tension with cosmic microwave background measurements from the early Universe. Reconstructing the matter power spectrum from their measurements instead of condensing the information into a single cosmological parameter may help locate the origin of these differences.

Aims. To investigate the cosmic shear measurements of Stage III WL surveys, we compared their tomographic data by assuming a simple parametric model for the matter power spectrum. The model allows the comparison of surveys with different characteristics and, in an agnostic approach, gives insight into the shape of the matter power spectrum preferred by the data without assuming a cosmological model.

Methods. For the matter power spectrum, we assumed a double power-law model in scale factor and wavenumber. The best-fitting amplitude and exponents were inferred in a Markov chain Monte Carlo (MCMC) analysis. We identified the scales to which the data is most sensitive. We tested the sensitivity to different assumptions of the intrinsic alignment strength.

Results. We find that the constraining power of Stage III surveys on the power spectrum shape and evolution is still limited. Most information can be summarized as an overall amplitude at a pivot point in wavenumber and scale factor, while constraints on the power-law indices are considerably weaker. Nevertheless, all surveys show a weaker rate of growth from z= 0.5 to 0.1 than predicted. The assumed intrinsic alignment strength is found to have no significant impact on the measured parameters and goodness of fit.

Conclusions. Direct estimates of the matter power spectrum from Stage III weak lensing surveys can, in principle, be used to locate the physical origin of the observed S8 tension. We present a simple methodology for the first steps in this direction, but find that current constraints are still weak.
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1. Introduction
The concordance model of cosmology, the Lambda-cold dark matter (ΛCDM) model, can fit an extensive range of observations with great accuracy (see, e.g., Lahav & Liddle 2022). Examples are the fluctuations in the cosmic microwave background (CMB, Planck Collaboration VI 2020, Planck); baryon acoustic oscillations (BAOs; DESI Collaboration 2024a); and cosmic shear, the slight distortion of galaxy images by weak gravitational lensing (WL) of the large-scale structure of the Universe (Kilbinger 2015). With the increasing accuracy of cosmological surveys, several tensions between different probes have emerged. Most notably, the tension in the value of the Hubble constant (H0) inferred from high-redshift Planck CMB measurements or local distance ladder measurements (Riess et al. 2021), and the value of [image: equation]1. Here the value of the Planck CMB measurements of the early Universe is in slight tension with the value measured from cosmic shear measurement of the local Universe (Hildebrandt et al. 2017; Asgari et al. 2021; Secco et al. 2022; Dark Energy Survey and Kilo-Degree Survey Collaboration 2023; Li et al. 2023). The main proposed solutions to solving the S8 tension involve unrecognized systematics or new physics (see, e.g., Lucca 2021; Tanimura et al. 2023; Joseph et al. 2023).
The tension between the probes may have different physical origins. The CMB measures linear scales and the early Universe, whereas WL probes lower redshifts and nonlinear scales. Assuming a physical origin, the tension may originate from differences in either scale (high vs. low wavenumber; k) or time (high vs. low redshift; z).
Amon & Efstathiou (2022) explore the first option, introducing a one-parameter phenomenological model that modifies the power spectrum by fixing it at linear scales to the Planck prediction and predicting the nonlinear suppression required to reconcile cosmic shear measurements from the Kilo-Degree Survey (KiDS) with Planck. They remain agnostic as to what causes the suppression: obvious candidates are misinterpreted baryonic components or new physics. However, the model predicts the suppression of the nonlinear power spectrum using only dark matter (DM), and it does not contain any baryonic-informed components. Although baryonic suppression and nonlinear collapse manifest themselves in roughly the same wavenumber regime, the suppression they model is on slightly larger scales and has a different shape than predicted by state-of-the-art cosmological hydrodynamical simulation calibrated primarily to X-ray data (see, e.g., Fig. 1 of Bigwood et al. 2024, and, e.g., McCarthy et al. 2017; Pakmor et al. 2023; Schaye et al. 2023; Schaller et al. 2024).
Preston et al. (2023) extended the analysis to include the most recent cosmic shear measurement from the Dark Energy Survey (DES), and found that they require a somewhat lower suppression to resolve the tension with Planck. However, the current measurements are not precise enough to constrain the baryonic feedback models. Recent findings suggest that the simulations calibrated to X-ray data, which probe the central regions of haloes, underpredict baryonic feedback as they cannot reproduce Sunyaev-Zel’dovich (SZ) measurements, which are more sensitive to the outskirts of haloes (Amodeo et al. 2021; Bigwood et al. 2024; Hadzhiyska et al. 2024). Although it might help resolve the S8 tension, it raises a different problem because the X-ray and SZ measurements are no longer consistent with the same baryonic feedback model.
In principle, we can distinguish tensions between measurements at different scales and times by directly constraining the matter power spectrum in the wavenumber (k) and scale factor (a) plane. Figure 1 illustrates the sensitivity of different observational cosmological probes in the (k, a) plane. The different probes are cosmic shear (γγ), galaxy clustering (gg; e.g., Reid et al. 2010; Gil-Marín et al. 2016), CMB, CMB lensing (ΦΦ; e.g., Planck Collaboration VIII 2020), cluster abundance (CA; e.g., Tegmark et al. 2004), quasi-stellar objects (QSOs; e.g., DESI Collaboration 2024b), and the Lyman alpha forest (Ly α; e.g., Palanque-Delabrouille et al. 2015; Karaçaylı et al. 2024). The squares correspond to probes where the emitted radiation is directly observed, whereas the ellipses correspond to processes happening along the line of sight between emission and observation. The black curve separates the linear and nonlinear collapse regimes. The estimate is obtained from CLASS (Blas et al. 2011) by determining the wavenumber for which the nonlinear estimate differs by more than 5% from the linear prediction. The difference between the different cosmic times and scales probed by the CMB and cosmic shear, as described above, is clearly visible in the figure. Comparing the different probes and their cross-correlations allows the localization of the tension, which should inform us regarding the origin of the observed discrepancies.
	[image: thumbnail]	Fig. 1. Observational cosmological probes of the matter power spectrum and the wavenumber (k), scale factor (a), and redshift (z) ranges to which they are approximately sensitive. From early to late Universe: cosmic microwave background (CMB, purple), CMB lensing (ΦΦ, light blue), the Lyman-alpha forest (Ly α, orange), quasi-stellar objects (QSOs, red), galaxy clustering (gg, green), cosmic shear (γγ, dark blue), and cluster abundance (CA, white). The black curve separates the linear and nonlinear collapse regimes. Constraining the matter power spectrum from different probes allows the localization of discrepancies in the two-dimensional (k, a) plane and provides insight into the physical origin of tensions between the measurements of different probes.



Preston et al. (2024) propose constraining the matter power spectrum from cosmic shear surveys. They estimate the constraining power of the matter power spectrum using synthetic cosmic shear measurements for the final data release of Stage III and Stage IV WL surveys. They find that while current cosmic shear surveys should only marginally be able to distinguish differences from a ΛCDM dark matter-only (DMO) model, next-generation surveys should provide clear constraints on the shape of the matter power spectrum at (mildly) nonlinear scales.
Here, as a first step, we infer the best-fitting shape of the matter power spectrum using the latest cosmic shear measurement of Stage III WL surveys. We assume a simple parametric model that allows us to quantify the evolution of the matter power spectrum with k and a preferred by current data in an agnostic approach. The model allows the comparison of different surveys with different survey properties and does not assume a cosmological model for the matter power spectrum. We identify the scales to which the data is most sensitive, and test the impact of the assumed intrinsic alignment (IA) on the goodness of fit.
In Sect. 2 we summarize the relevant WL theory to estimate the measured cosmic shear two-point statistics from the matter power spectrum. Section 3 describes the data, and the assumed parametric model is introduced in Sect. 4. In Sect. 5 we present the measurements of the best-fitting parametric model of the matter power spectrum. We also compare our results to the best-fitting ΛCDM predictions. The main findings are summarized in Sect. 6.
2. Theory
In this section we briefly summarize the theoretical framework for cosmic shear measurements as projected statistics of the matter power spectrum. Cosmic shear measures the systematic distortion of galaxy images from WL by the large-scale structure. The measured signal is comprised of the signal induced by weak gravitational lensing (G), the intrinsic alignment of the galaxies (I), and the cross-correlation of the two effects. The observed cosmic shear angular power spectrum ([image: equation]) between two populations of galaxies in different tomographic bins i and j, as a function of multipole moment ℓ, is given by
[image: thumbnail](1)
Current cosmic shear surveys use B-mode statistics as null tests, and they find no evidence for nonzero B-modes or they limit their analysis to not include scales where the B-modes are nonzero due to unrecognized systematics. Here we assume that the B-modes are 0, and only use the E-mode signal such that [image: equation]. Assuming the modified Limber approximation, the angular power spectra are estimated from the matter power spectrum (Pm) as (Limber 1953; LoVerde & Afshordi 2008)
[image: thumbnail](2)
where fK(χ) is the angular diameter distance, χ the comoving distance, z the redshift, and a, b ∈ I, G. The integral runs until the comoving line of sight horizon that is the edge of the galaxy survey (χhor). The WL kernel W is given by (Kaiser 1992)
[image: thumbnail](3)
where c is the speed of light, a = 1/(1 + z) the scale factor, and ns(χ) the comoving distance source distribution that relates to the source redshift distribution as ns(z)dz = ns(χ)dχ. For the IA kernel, we assume the nonlinear alignment (NLA) model (Bridle & King 2007)
[image: thumbnail](4)
with AIA the IA amplitude; zpiv a finite redshift pivot point; ηIA the redshift dependence exponent, which we set to 0; C1ρcr  = 0.0134; and D the linear growth factor. We assume a flat Universe such that fK(χ) = χ. We adopt either AIA = 0 or 1 to quantify whether including intrinsic alignment better fits the data.
We used three different cosmic shear observables in our analysis. Each observable is a projection of the angular power spectra, but is sensitive to different scales as they depend on different filter functions. The first observable is the shear two-point correlation functions (2PCFs, ξ+/−):
[image: thumbnail](5)
Here 𝒥0 and 𝒥4 are cylindrical Bessel functions of the first kind of the zeroth and fourth order, respectively. Second, we considered complete orthogonal sets of E/B-integrals (COSEBIs). An advantage of the COSEBIs is that nearly all cosmological information is contained in the first few n-modes, thus reducing the necessary computational time (Asgari et al. 2012). The COSEBIs (En) are estimated using (Schneider et al. 2010)
[image: thumbnail](6)
where the weight function, Wn(ℓ), is a Hankel transform given by Eq. (9) in Asgari et al. (2021). Similar to Asgari et al. (2021), we used the first five COSEBIs n-modes.
Finally, we considered band power spectra (𝒞E, l, band powers). This statistic is an angular average of the two-point correlation function that has a weak correlation between values at different wavenumbers and is given by (Schneider et al. 2002)
[image: thumbnail](7)
where the normalisation 𝒩l and kernels WEE are respectively given by Eqs. 18 and 26 in Joachimi et al. (2021). We assume the best-fitting ΛCDM cosmology from Planck TT,TE,EE+lowE+lensing for the values of the cosmological parameters and to compute the redshift-comoving distance relation and linear growth factor (Planck Collaboration VI 2020).
3. Data
We used the latest public data releases of the two-point statistics of three Stage III WL surveys: the Kilo-Degree Survey data release 4 (KiDS-1000; Kuijken et al. 2019), the Dark Energy Survey year 3 (DES year 3; Abbott et al. 2022), and the Hyper Suprime-Cam Year 3 (HSC year 3; Dalal et al. 2023). Collectively, these surveys are referred to as Stage III WL surveys. We use each survey’s summary statistics, source redshift distributions, and full covariance matrix, as described in Asgari et al. (2021), Hildebrandt et al. (2020), and Joachimi et al. (2021) for KiDS-1000; Abbott et al. (2022), Myles et al. (2021), and Friedrich et al. (2021) for DES year 3; and Shirasaki et al. (2019), Li et al. (2023), and Rau et al. (2023) for HSC year 3. We cut the data vectors at the same angular scales as the fiducial survey analyses. In Table 1 we summarize the main characteristics of the surveys and the statistics we used in this analysis. The table lists the sky area covered, effective source number density (neff), standard deviation of the galaxy shape measurement error, and number of tomographic bins. As indicated in the final column, for KiDS-1000 we used the 2PCFs, COSEBIs, and band powers, whereas for HSC and DES year 3 we only used the real space 2PCFs from Li et al. (2023) and Abbott et al. (2022), respectively. The former allows us to quantify the difference between the same measurements from a single survey and the scales that are probed by different statistics, whereas using all statistics allows us to quantify the variations between different surveys.
Table 1. 
Survey characteristics.

4. Methodology
Section 2 provides the formalism for estimating the cosmic shear observables from the matter power spectrum. In this section we provide the model we used in our analysis. For the matter power spectrum, we assumed a double power law in wavenumber (k) and scale factor (a) as
[image: thumbnail](8)
where the amplitude A, and exponents p and m are the parameters that will be fitted for. The pivot points kpiv and apiv are free as they rescale the amplitude. We used two sets of pivots. First, we determined the optimal values of the pivot points for each survey and statistic by finding the values of kpiv and apiv for which the covariance between the amplitude A and exponents p and m is zero. This method provides the power spectrum amplitude of the point on the (k, a) plane most tightly constrained by the statistic. We provided the best-fitting parameters of the double power-law parameters assuming these pivot points. After, to more straightforwardly compare the three surveys, we adopted a common pivot for all surveys: kpiv = 0.5 h/Mpc and apiv = 0.75. We estimated the best-fitting parameters that maximize the log-likelihood by using the public Markov chain Monte Carlo (MCMC) sampler EMCEE (Foreman-Mackey et al. 2013). We used flat priors in the range log10A ∈ [0, 10], p ∈ [ − 2, 0.5], and m ∈ [ − 5, 5]. We computed the reduced chi-square value between the double power fits and measurements to quantify the goodness of fit.
5. Results
5.1. Double power-law constraints
We first list the results of determining the optimal pivot points for each survey. Table 2 lists the best-fitting pivot points in wavenumber and scale factor for each of the five statistics considered in this work and for the choice of AIA = 0 or 1 in the third and fourth column, respectively. The fifth column gives the redshift corresponding to the scale factor pivot point (zpiv = 1/apiv − 1).
Table 2. 
Pivot points and best-fitting parameters for the double power-law model.

The values show that the HSC survey is the deepest, as the scale factor pivot point corresponds to z ≈ 0.4. Then, the three KiDS-1000 statistics, which have almost identical depths, probe slightly less deep. Finally, the DES year 3 2PCFs probe the least deep. The HSC 2PCFs probe the largest scales, whereas the KiDS-1000 2PCFs probe the smallest scales.
Table 2 also includes the best-fitting parameter values and their 16th and 84th percentiles of the double power-law fit. For each fit the parameter best-fitting values correspond to an inference assuming the listed pivot point for that statistic and the value of intrinsic alignment amplitude. The best-fitting value of the amplitude parameter may therefore differ as this is the value of the double power-law model at (k, a) = (kpiv, apiv). In Appendix A we show an example of a double-fit power-law prediction to the KiDS-1000 COSEBIs.
The three KiDS-1000 statistics generally find the same values for the power-law exponents m and p, which are consistent with the HSC year 3 2PCFs estimates. The DES year 3 2PCFs show a weaker dependence on wavenumber and a stronger dependence on scale factor.
Focussing first on the growth rate, quantified by the m exponent, we see that the constraints from WL are weak. Most statistics are consistent with no growth, with only DES year 3 2PCFs preferring a positive growth rate of m = 1.0 ± 0.5 irrespective of the choice of AIA.
Stage III WL surveys primarily probe the Λ-dominated era, during which linear growth eventually comes to a halt. However, this is a gradual process; in addition, nonlinear growth continues for a longer time: predictions obtained with CLASS (Blas et al. 2011) indicate an increase in the power spectrum between redshift 0.5 and 0.1 of a factor of 1.5 (1.9) at wavenumber k = 0.1 (1.0) h/Mpc, corresponding to m values of 1.3 (2.1). Therefore, all the data sets we analyze here mildly favor a slower growth than predicted by ΛCDM. This is most apparent in the HSC year 3 2PCFs, which favor m = −0.3 ± 0.4.
Comparing the three different KiDS-1000 estimates for p, we find that the 2PCFs provide the tightest constraint. The 1σ uncertainty on p is a factor of two smaller than the uncertainty provided by the band powers estimate. This is not unexpected: for the chosen configuration, the 2PCFs probe the largest range of scales, as illustrated in Fig. 1 of Asgari et al. (2021).
Interestingly, the assumed value for AIA does not markedly affect the results. There are no significant differences between the assumed values for AIA. The results using AIA = 0 or 1 are always consistent, and including the intrinsic alignment does not give a better fit, as indicated by the reduced chi-square value in the final column. The NLA model assumes that density perturbations are characterized by the Poisson equation. This assumption breaks down under nonlinear gravitational collapse, and therefore the model cannot physically capture the IA signal over the entire range of scales considered in this work (Krause et al. 2016; Asgari et al. 2021). However, as the current constraining power is still limited and the values we adopted for the IA strength correspond to those measured by current surveys, we expect that using a different model, such as the tidal alignment and tidal torquing model (Blazek et al. 2019), or including a redshift (e.g., Joachimi et al. 2011) or luminosity (e.g., Chisari et al. 2016) dependence will not change the insensitivity to IA strength.
The values of the reduced chi-square statistics are reasonable for the model’s simplicity. For example, the model does not capture the BAO wiggles and can still fit the data over a broad range of wavenumbers and redshifts. The reduced chi-square values for the KiDS-1000 COSEBIs are 1.25 (AIA = 0) and 1.26 (AIA = 1). These values indicate the fits are of equal quality to the best-fitting ΛCDM prediction from Asgari et al. (2021), who quote a value of χred2 = 1.2. The same holds for the KiDS-1000 band powers and 2PCFs.
In Fig. 2 we show the best-fitting parameter constraints assuming a common pivot point for each survey. As the pivot point does not minimize the covariance between the different model parameters, clear correlations are visible between the amplitude parameter and p and m exponents. Even so, assuming the same pivot points allows for a direct comparison of the amplitudes measured by the different statistics at the same redshift and wavenumber. The left panel shows the results assuming an intrinsic alignment amplitude of 0, whereas the right panel shows the contours obtained for AIA = 1. All KiDS-1000 and HSC year 3 results are consistent at the 2σ level. Comparing the 1D amplitude log10A posteriors, we see DES and HSC year 3 predict more power than the KiDS-1000 statistics at the 2σ level.
	[image: thumbnail]	Fig. 2. Posterior contours for a double power-law model as indicated at the top. The results correspond to setting the pivot points to kpiv = 0.5 h/Mpc and apiv = 0.75. Left: Assuming no contribution from intrinsic alignment. Right: Contours from assuming an intrinsic alignment strength set by AIA = 1. The panels show the posterior distribution of the inferences using the KiDS-1000 band powers (black), COSEBIs (green), 2PCFs (yellow), HSC year 3 2PCFs (blue), and DES year 3 2PCFs (red). The results are consistent at the ∼2σ level.



5.2. Comparison to ΛCDM predictions
Next, in Fig. 3, we compare our power-law prediction to the best-fitting ΛCDM predictions from the KiDS-1000 COSEBIs inference assuming AIA = 1. The green curve shows the double power prediction. The thin solid curves are all matter power spectrum predictions from the KiDS-1000 COSEBIs ΛCDM inference chains generated using CLASS (Blas et al. 2011) and HMCODE (Mead et al. 2015). These curves are color-coded by their value of S8, as indicated by the color bar. The solid and dashed gray curves respectively show the best-fitting and the 16th and 84th percentiles of the ΛCDM prediction from the KiDS-1000 COSEBIs (Asgari et al. 2021). The double power-law fit is consistent with the ΛCDM prediction over two decades in wavenumber. At the largest wavenumbers (k > 0.5 h/Mpc), the double power law overestimates the power compared to the ΛCDM prediction. The model also overpredicts the power on the largest scales (k < 10−2h/Mpc, not shown), which are beyond the scales to which cosmic shear is most sensitive. Within this range, the simplistic double power law is consistent with the KiDS-1000 COSEBIs ΛCDM prediction. The 16th and 84th percentile range typically covers half a dex, illustrating that the matter power spectrum is still poorly constrained.
	[image: thumbnail]	Fig. 3. Matter power spectrum at z = 0.35. The colored curves show the predictions from the KiDS-1000 COSEBIs chains from Asgari et al. (2021), and they are color-coded by their value of S8 (see the color bar). The solid and dashed gray curves show the best-fitting and 16th and 84th percentiles of the KiDS-1000 inference, respectively. The green solid curve shows the best-fitting prediction of the AIA = 1 double power-law model assumed in this work.



5.3. Suppression of the matter power spectrum
Finally, we show the ratio of the matter power spectrum to a Planck DMO matter power spectrum as a function of wavenumber at z = 0.35 in Fig. 4. The dashed green curve shows the best-fitting double power-law estimate from this work. The solid gray curves and shaded area respectively show the best-fitting and the 16th and 84th percentiles of the KiDS-1000 COSEBIs ΛCDM chains. The dotted red curve shows the prediction assuming the one-parameter parametric model from Amon & Efstathiou (2022) and setting Amod = 0.69, which is the value found by Amon & Efstathiou (2022) to reconcile KiDS-1000 with Planck.
	[image: thumbnail]	Fig. 4. Suppression of the matter power spectrum compared to a DMO prediction at z = 0.35. The dashed green curve corresponds to the best-fitting prediction from the double power law model to the KiDS COSEBIs with AIA = 1. The solid gray curve shows the best fit of the KiDS-1000 ΛCDM inference from Asgari et al. (2021), and the shaded area covers the 16th to 84th percentile region. The dotted red curve uses the parametric model from Amon & Efstathiou (2022) with Amod = 0.69.



The simple parametric model from Amon & Efstathiou (2022), our double power law, and the DMO power spectrum are all within the 16th and 84th percentile prediction from the KiDS-1000 COSEBIs, which reconfirms that current data are not able to constrain detailed deviations from ΛCDM predictions or baryonic physics, as previously predicted in Preston et al. (2024).
6. Conclusions
In this paper we have taken a first step toward reconstructing the shape of the matter power spectrum measured with Stage III WL lensing surveys. Reconstructing the matter power spectrum from different surveys that are sensitive to different redshift ranges and scales can give insights into the physical origins of observed tensions in cosmological parameters. We did not assume a cosmological model for the shape of the matter power spectrum, but instead remained agnostic to its shape by assuming a double power law in wavenumber and scale factor (Eq. (8)). This allowed us to directly compare the results of different surveys and quantify the shape of the matter power spectrum preferred by the data. We identified the scales to which the data are most sensitive, and we tested different assumptions for the strength of the intrinsic alignment signal. The results highlight the potential of directly constraining the matter power spectrum to explore tensions in current data sets. We find the following:

	
Current cosmic shear surveys do not provide tight enough constraints on the shape of the matter power spectrum to rule out deviations from ΛCDM or realistic baryonic feedback models as the results are still consistent with DMO predictions.



	
Stage III WL surveys can only poorly constrain the shape and evolution of the matter power spectrum in the low-redshift Universe. Even so, they favor a weaker evolution in the redshift range of 0.5 - 0.1 than predicted by ΛCDM.



	
Including an intrinsic alignment of galaxies does not significantly impact the fitting accuracy or the best-fitting parameters.




More accurate measurements by next-generation WL surveys carried out by Euclid (Euclid Collaboration 2024), Roman (Spergel et al. 2015), and Rubin (LSST Science Collaboration 2009) as well as more accurate modeling will help us understand the physical origin of the tensions between different observational cosmological probes.


1 Where Ωm is the matter density parameter and σ8 the amplitude of the linear theory matter power spectrum parameterized as the root mean squared mass density fluctuation in spheres of radius 8 h−1 Mpc, both at z = 0.
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Appendix A:  KiDS-1000 COSEBI prediction
This Appendix shows the best-fitting prediction for the double power-law model to the KiDS-1000 COSEBIs measurements. The scatter points in Fig. A.1 are the KiDS-1000 measurements (Asgari et al. 2021), and the red and blue curves are the best-fitting double power-law fits with AIA = 0 and AIA = 1, respectively. The subpanels show the measured En as a function of the COSEBI n-modes for the combination of two tomographic bins, as indicated in the upper-right corner of each panel. There is no difference in the fitting accuracy with or without including IA, as seen from the reduced chi-square values in Table 2. The double power-law estimate fits the same ranges well as the best-fitting ΛCDM prediction from Asgari et al. (2021). For example, the ΛCDM and our double power-law estimate both provide good fits to most of the data, but they underpredict the signal for the high-n modes in the (1 − 5) tomographic bin combination and across the entire range for the (2 − 2) combination.
	[image: thumbnail]	Fig. A.1. KiDS-1000 COSEBIs measurement (black scatter points) with best-fitting AIA = 1 and 0 double power law (solid blue and curves, respectively) for the first five COSEBIs n-modes. Each subpanel corresponds to a combination of two tomographic bins, as indicated in the upper right corner.
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	[image: thumbnail]	Fig. 1. Observational cosmological probes of the matter power spectrum and the wavenumber (k), scale factor (a), and redshift (z) ranges to which they are approximately sensitive. From early to late Universe: cosmic microwave background (CMB, purple), CMB lensing (ΦΦ, light blue), the Lyman-alpha forest (Ly α, orange), quasi-stellar objects (QSOs, red), galaxy clustering (gg, green), cosmic shear (γγ, dark blue), and cluster abundance (CA, white). The black curve separates the linear and nonlinear collapse regimes. Constraining the matter power spectrum from different probes allows the localization of discrepancies in the two-dimensional (k, a) plane and provides insight into the physical origin of tensions between the measurements of different probes.
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	[image: thumbnail]	Fig. 2. Posterior contours for a double power-law model as indicated at the top. The results correspond to setting the pivot points to kpiv = 0.5 h/Mpc and apiv = 0.75. Left: Assuming no contribution from intrinsic alignment. Right: Contours from assuming an intrinsic alignment strength set by AIA = 1. The panels show the posterior distribution of the inferences using the KiDS-1000 band powers (black), COSEBIs (green), 2PCFs (yellow), HSC year 3 2PCFs (blue), and DES year 3 2PCFs (red). The results are consistent at the ∼2σ level.
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	[image: thumbnail]	Fig. 3. Matter power spectrum at z = 0.35. The colored curves show the predictions from the KiDS-1000 COSEBIs chains from Asgari et al. (2021), and they are color-coded by their value of S8 (see the color bar). The solid and dashed gray curves show the best-fitting and 16th and 84th percentiles of the KiDS-1000 inference, respectively. The green solid curve shows the best-fitting prediction of the AIA = 1 double power-law model assumed in this work.
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	[image: thumbnail]	Fig. 4. Suppression of the matter power spectrum compared to a DMO prediction at z = 0.35. The dashed green curve corresponds to the best-fitting prediction from the double power law model to the KiDS COSEBIs with AIA = 1. The solid gray curve shows the best fit of the KiDS-1000 ΛCDM inference from Asgari et al. (2021), and the shaded area covers the 16th to 84th percentile region. The dotted red curve uses the parametric model from Amon & Efstathiou (2022) with Amod = 0.69.
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	[image: thumbnail]	Fig. A.1. KiDS-1000 COSEBIs measurement (black scatter points) with best-fitting AIA = 1 and 0 double power law (solid blue and curves, respectively) for the first five COSEBIs n-modes. Each subpanel corresponds to a combination of two tomographic bins, as indicated in the upper right corner.
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      Table 1. 

      Survey characteristics.

      
        


	Survey
	Area [deg2]
	neff [arcmin−2]
	σe
	No. of tomographic bins
	Statistics used in this analysis





	KiDS-1000
	1006
	6.2
	0.26
	5
	ξ+/−, En, 𝒞E, l



	DES year 3
	4143
	5.9
	0.26
	4
	ξ+/−



	HSC year 3
	416
	15
	0.24
	4
	ξ+/−





      

      
Notes. Listed for each survey: sky area covered; total effective source number density, neff; standard deviation of the error of galaxy shape measurements, σe; number of tomographic bins; and the statistics considered in this work.



    

  
    
      Table 2. 

      Pivot points and best-fitting parameters for the double power-law model.

      
        


	Statistic
	AIA
	kpiv [h/Mpc]
	apiv
	zpiv
	log10A [Mpc3/h3]
	p
	m
	χred2





	KiDS-1000 COSEBIs
	0
	1.20
	0.75
	0.34
	2.04 ± 0.03
	−1.30 ± 0.04
	0.3 ± 0.8
	1.25



	KiDS-1000 COSEBIs
	1
	1.24
	0.75
	0.34
	2.03 ± 0.03
	−1.30 ± 0.04
	0.2 ± 0.9
	1.26



	KiDS-1000 band powers
	0
	1.03
	0.74
	0.34
	2.16 ± 0.03
	−1.25 ± 0.06
	−0.1 ± 1.0
	1.39



	KiDS-1000 band powers
	1
	0.93
	0.74
	0.35
	2.21 ± 0.03
	−1.26 ± 0.06
	−0.1 ± 1.1
	1.40



	KiDS-1000 2PCFs
	0
	3.64
	0.74
	0.35
	1.44 ± 0.04
	−1.24 ± 0.03
	0.0 ± 0.8
	1.25



	KiDS-1000 2PCFs
	1
	4.75
	0.74
	0.35
	1.30 ± 0.04
	−1.24 ± 0.03
	−0.3 ± 0.8
	1.25



	DES year 3 2PCFs
	0
	2.17
	0.79
	0.26
	1.92 ± 0.03
	−1.14 ± 0.02
	1.0 ± 0.5
	1.14



	DES year 3 2PCFs
	1
	2.01
	0.79
	0.26
	1.97 ± 0.03
	−1.14 ± 0.02
	1.0 ± 0.5
	1.14



	HSC year 3 2PCFs
	0
	0.80
	0.71
	0.41
	2.36 ± 0.03
	−1.27 ± 0.03
	−0.2 ± 0.4
	1.40



	HSC year 3 2PCFs
	1
	0.78
	0.71
	0.41
	2.28 ± 0.03
	−1.27 ± 0.03
	−0.3 ± 0.4
	1.38





      

      
Notes. Shown for each statistic and choice of intrinsic alignment amplitude (AIA) are the values of the pivot points that minimize the covariance between the amplitude log10A, and exponents m and p in wavenumber (kpiv), scale factor (apiv), and corresponding redshift (zpiv = 1/apiv − 1) and the best-fitting parameters for the double power-law parameters; amplitude, log10A; wavenumber exponent, p; scale factor exponent, m. The final column indicates the reduced chi-square value of the double power-law fit, χred2.



    

  
    
      Fig. 2. 

      
        [image: thumbnail]
      

      
        Posterior contours for a double power-law model as indicated at the top. The results correspond to setting the pivot points to kpiv = 0.5 h/Mpc and apiv = 0.75. Left: Assuming no contribution from intrinsic alignment. Right: Contours from assuming an intrinsic alignment strength set by AIA = 1. The panels show the posterior distribution of the inferences using the KiDS-1000 band powers (black), COSEBIs (green), 2PCFs (yellow), HSC year 3 2PCFs (blue), and DES year 3 2PCFs (red). The results are consistent at the ∼2σ level.

      

    

  
    
      Fig. 3. 

      
        [image: thumbnail]
      

      
        Matter power spectrum at z = 0.35. The colored curves show the predictions from the KiDS-1000 COSEBIs chains from Asgari et al. (2021), and they are color-coded by their value of S8 (see the color bar). The solid and dashed gray curves show the best-fitting and 16th and 84th percentiles of the KiDS-1000 inference, respectively. The green solid curve shows the best-fitting prediction of the AIA = 1 double power-law model assumed in this work.

      

    

  
    
      Fig. A.1. 

      
        [image: thumbnail]
      

      
        KiDS-1000 COSEBIs measurement (black scatter points) with best-fitting AIA = 1 and 0 double power law (solid blue and curves, respectively) for the first five COSEBIs n-modes. Each subpanel corresponds to a combination of two tomographic bins, as indicated in the upper right corner.
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