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Abstract

We present a stack of data from the second season of the CO Mapping Array Project (COMAP) on the positions of quasars from eBOSS and DESI. COMAP is a line intensity mapping (LIM) experiment targeting dense molecular gas via CO(1–0) emission at z ∼ 3. Season 2 of COMAP represents a factor of three increase in map-level sensitivity over the previous early science data release. We do not detect any CO emission in the stack; instead, we find an upper limit of 10.0 × 1010 K km s−1 pc2 at 95% confidence within an ∼18 cMpc box. We compare this upper limit to models of the CO emission stacked on quasars and find a tentative (∼3σ) tension between the limit and the brightest stack models after accounting for a suite of additional sources of experimental attenuation and uncertainty, including quasar velocity uncertainty, pipeline signal loss, cosmic variance, and interloper emission in the LIM data. The COMAP-eBOSS/DESI stack is primarily a measurement of the CO luminosity in the quasars’ wider environment, and is therefore potentially subject to environmental effects such as feedback. With our current simple models of the galaxy-halo connection, we are thus unable to confidently rule out any models of cosmic CO with the stack alone. Conversely, the stack’s sensitivity to these large-scale environmental effects has the potential to make it a powerful tool for galaxy formation science, once we are able to constrain the average CO luminosity via the auto-power spectrum (a key goal of COMAP).
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1. Introduction
Despite major advances in instrumentation over the past decades, we do not yet have the observational capacity to resolve certain mysteries about the Universe’s history of galaxy formation. For instance, the star formation density of the Universe is known to peak at z ∼ 3, known as the epoch of galaxy assembly (EoGA; Madau & Dickinson 2014), but the mechanism driving that peak is still uncertain. The fuel for star formation, molecular hydrogen gas, traced by molecular lines such as carbon monoxide (CO), is expensive to observe at these redshifts, and galaxy surveys constraining its evolution are limited to small cosmic volumes (1–10 square arcmin) and bright galaxies (e.g. Riechers et al. 2019; Aravena et al. 2019; Lenkić et al. 2020). The faint end of the CO luminosity function is nearly entirely unconstrained during the EoGA, and thus empirically rooted models for the overall CO luminosity density span several orders of magnitude (Li et al. 2016; Padmanabhan 2018; Keating et al. 2020; Yang et al. 2022). Similarly, current models of star formation require feedback from active supermassive black holes (SMBHs) to disrupt star formation in high-mass galaxies in order to match observations, but the actual mechanism and extent of this feedback is poorly understood (e.g. Sanders et al. 1988; Hopkins et al. 2006). Again, understanding this feedback requires tracing its effect on the fuel for future star formation in galaxies, and understanding this feedback is limited by selection effects and small sample sizes in CO observations of active galaxies (Hill et al. 2019; Muñoz-Elgueta et al. 2022).
Line intensity mapping (LIM) is a rapidly maturing observational technique that measures galaxy populations as fluctuations in the line intensity field over a large 3D cosmic volume rather than as individual catalogued objects. LIM fluctuations contain the integrated emission from all galaxies in the measured volume, even the very faintest, and thus capture the faint halos not observable by traditional means. Although it is rapidly maturing, LIM is a field in its early stages, with pathfinder experiments both concluded and ongoing (e.g. Keating et al. 2015, 2020; CONCERTO Collaboration 2020; Cleary et al. 2022), and other experiments that are beginning to come online (e.g. Doré et al. 2014; Crites et al. 2014; Vieira et al. 2020; CCAT-Prime Collaboration 2023). The biggest challenge facing LIM experiments (outside of those targeting the 21 cm line) is raw sensitivity, but they are also susceptible to many forms of systematic error (e.g. caused by instrumental effects or interloping spectral line emission).
An emerging body of work is combining LIM observations with spectroscopic galaxy catalogues to improve sensitivity and to mitigate systematic error; as major systematic errors are primarily unique to one survey (e.g. Fronenberg & Liu 2024). This can be done as a real-space 3D co-addition of the LIM data on the position of the objects in the galaxy survey (called a stack) or as a real or Fourier-space cross-correlation. In their early stages, many experiments have been turning to the stack as a conceptually simpler analysis, with the potential to provide a detection in advance of the full auto-power spectrum analysis (Keenan et al. 2022; Dunne et al. 2024; MeerKLASS Collaboration & Barberi-Squarotti 2025; Chen et al. 2025). A stack on LIM data probes the larger-scale distribution of emission around the galaxy survey objects in addition to emission from the surveyed objects themselves, at scales of tens of megaparsecs. (Chen et al. 2025; Dunne et al. 2025). Spectroscopic galaxy catalogues that trace more massive dark matter (DM) halos (or more biased galaxies) thus yield a brighter stack as their surroundings contain more, and brighter, galaxies. Stacks on highly biased objects such as quasars should provide the brightest possible stack emission (Breysse & Alexandroff 2019; Dunne et al. 2024).
In this work we present a stack of LIM data from Season 2 of the CO Mapping Array Project (COMAP) Pathfinder telescope (Lunde et al. 2024; Stutzer et al. 2024; Chung et al. 2024a), on the positions of quasars from the extended Baryon Oscillation Spectroscopic Survey (eBOSS; Ahumada et al. 2020) and the Dark Energy Spectroscopic Instrument (DESI) quasi-stellar object (QSO) survey (DESI Collaboration 2025). COMAP targets molecular gas via CO(1-0) emission around the peak of cosmic star formation (2.4 < z < 3.4) and eBOSS and DESI together encompass the largest survey of quasars available in this redshift range. This work follows a similar analysis performed using data from COMAP Season 1 and eBOSS alone (Dunne et al. 2024), but this updated stack is more than three times more sensitive thanks to the improved COMAP Season 2 sensitivity. We have also considerably refined our methodology.
We introduce the three datasets in Sect. 2, and describe the simulated LIM and galaxy catalogue data to which we compare the stack in Sect. 3. The stack methodology is described in Sect. 4. In Sect. 5 we present the stack results, to which we compare models in Sect. 6. Throughout this work, we take the nine-year WMAP cosmology (Hinshaw et al. 2013) for consistency with the peak-patch simulations used in Sect. 3 and other COMAP works. This is a ΛCDM model with Ωm = 0.286, ΩΛ = 0.714, Ωb = 0.047, and H0 = 100 h km s−1 Mpc−1 with h = 0.7. We assume base-10 logarithms unless otherwise stated.
2. Data
2.1. COMAP
The COMAP Pathfinder instrument is a 19-feed (single-polarization) focal plane array fielded on a 10.4-m antenna (Lamb et al. 2022) that has been performing LIM observations targeting CO(1–0) at 2.4 < z < 3.4 since 2019 and is still continuing to observe. Thus far, two COMAP observing seasons have taken place. Season 1 encompassed 5200 on-sky observation hours taken over 13 months between May 2019 and August 2020 over three fields. In this work, we used the COMAP Season 2 dataset (Lunde et al. 2024; Stutzer et al. 2024; Chung et al. 2024a), which added 12 300 hours of observations collected between November 2020 and November 2023, for a total of 17 500 hours. This is an increase of 340% in raw data volume compared to the previous early science (ES) dataset. Combined with improvements to the data reduction pipeline that yield a much greater data efficiency (described in Lunde et al. 2024), COMAP Season 2 has seven times more effective integration time than the ES dataset, giving a per-voxel root-mean-square noise (RMS) in the final maps of 25–50 μK (Lunde et al. 2024; Stutzer et al. 2024).
The COMAP time-ordered data (TOD) were processed from raw detector readout into calibrated time-domain data in brightness temperature units feed-by-feed, using a series of filters designed to reduce correlated noise and systematic errors. The COMAP calibration uncertainty is < 2%, and we treated it as negligible here. The raw TOD were then binned into maps with 2′×2′ spatial pixels (spaxels) and spectral channels with width 31.25 MHz using a simple nearest-neighbour mapmaker, as the filtered data were found to have negligible correlated noise. A map-domain PCA filter was used to remove lingering systematic effects. These steps are explained in full in Lunde et al. (2024). Each of these steps has the potential to remove signal as well as noise; we account for signal removed in the pipeline steps in Sect. 4.2. The end results of the COMAP pipeline are maps that are consistent with white (Gaussian) noise.
Finally, because COMAP is an experiment that scans across the sky to cover its fields, the RMS noise varies considerably across each COMAP field. The outer low-significance regions of the map contribute almost no sensitivity to the stack. We thus removed them for efficiency, and to reduce the chance of incorporating untreated systematic errors from these low-significance regions into the stack. In addition to the map-level cuts used by our autocorrelation pipeline (Lunde et al. 2024; Stutzer et al. 2024), we mask all voxels that exceed eight times the mean RMS of the 100 highest-significance voxels. We also clean out irregular regions of higher-significance voxels around the outskirts of the map (including some voxels that are totally surrounded by masked voxels). We masked all voxels which had fewer than four of their eight-connected neighbours unmasked. These added cuts masked 12.5% more voxels than the autocorrelation masking strategy across the three COMAP fields, but increased the stack uncertainty by only 2%.
2.2. eBOSS and DESI
We performed the stack on a combined catalogue of objects from the two largest spectroscopic quasar surveys available in the COMAP fields, eBOSS (part of the Sloan Digital Sky Survey, SDSS; Dawson et al. 2013; Ahumada et al. 2020; Lyke et al. 2020) and DESI (DESI Collaboration 2025). Quasars are ideal targets for a stacking analysis, as they trace high-mass DM halos which are very highly clustered. This, more than any other factor, leads to a bright stack signal (Dunne et al. 2025).
As we had previously performed a COMAP stacking analysis using eBOSS QSOs (Dunne et al. 2024), and the first season of COMAP data, we refer to that work for the details of the eBOSS catalogue reduction. We took DESI data from their first data release (DR1; DESI Collaboration 2025). DESI is still ongoing; there will be more objects in the COMAP fields in the future as the survey continues. The DESI target selection pipeline does not account for whether a QSO was previously observed with eBOSS, so there is significant overlap between the two samples. We treated any DESI object within 1.3′ (which is the average SDSS seeing full width at half maximum, Delubac et al. 2017) and Δz = 0.012 (which is the eBOSS+DESI uncertainty on the redshifts, and roughly corresponds to the 1185 km s−1 redshift offset we observe in quasars) of an eBOSS object as a duplicate. This is a similar cut to that of a comparable analysis performed by the DESI team, who treated any objects within 1′ as a match (Adame et al. 2025). Where duplicates were present, we used the DESI position and redshift.
Additionally, we applied a systematic velocity offset of 1185 km s−1 to each QSO in the combined eBOSS-DESI catalogue. This value was determined in Dunne et al. (2024) from comparing optically determined and CO-based redshift values for a selection of z ∼ 3 QSOs. Astrophysically, it originates from the optical spectral lines used by eBOSS/DESI tracing bulk in- and outflows in QSOs, whereas the CO emission traces dense gas at the centre of the galaxy. We note that varying the magnitude of this offset does not meaningfully affect our results. This effect also results in a large (∼1660 km s−1, or several COMAP spectral channels) scatter in redshift offsets, which we address in Sect. 6.2.2.
Between the two surveys, there are 231 QSOs in the COMAP footprint. Of these, 95 are in eBOSS alone, and 136 are either in DESI or in both surveys. The angular distribution of the galaxies across the COMAP fields is shown in Figure 1, and their redshift distribution in Figure 2. We note that there are fewer QSOs in this analysis than the 243 eBOSS QSOs used for COMAP stacking in Dunne et al. (2024), even after the additional DESI objects are included. This is because the ES maps did not incorporate the same RMS cuts, and thus covered areas on the sky that in practice added no sensitivity. The median redshift of the quasars included in this sample is 2.62.
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Spatial distribution of the eBOSS/DESI quasars compared to the footprint of the COMAP data. The COMAP footprint is coloured by the RMS in each voxel, averaged across all spectral channels, and the quasars are coloured by their redshift.



	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Redshift distribution of the eBOSS and DESI quasars included in the stack catalogue.



3. Simulations
We generated a suite of simulated LIM data cubes and associated galaxy catalogues for comparison with the real COMAP and quasar data. These were generated using the jointlimlammocker1 code described in Dunne et al. (2025), based on peak-patch DM halo simulations (Bond & Myers 1996; Stein et al. 2019). We refer the reader to Dunne et al. (2025) for the methodology behind this simulation code. The suite of simulation parameters in Dunne et al. (2025) was designed to emulate a stack of COMAP data on the positions of Lyman-α emitters from the Hobby-Eberly Telescope Dark Energy Experiment (HETDEX; Hill et al. 2024, 2021). In the modelling for this work, we primarily adopted the same parameters for the CO LIM map, but altered the parameters to match the quasar catalogue. We additionally tested a suite of models for CO luminosity as a function of halo mass, L(M). For all other parameters, we defaulted to those used in Dunne et al. (2025).
3.1. CO modelling
We defaulted to the COMAP fiducial (UM+COLDz+COPSS) CO model from Chung et al. (2022), which takes the form
[image: Mathematical equation: $$ \begin{aligned} \frac{L\prime _\mathrm{CO} (M_\mathrm{h} )}{\mathrm{K\,km\,s^{-1}\,pc^2 }} = \frac{C}{(M_\mathrm{h} /M)^A + (M_\mathrm{h} /M)^B}. \end{aligned} $$](1)
A, B, C, and M are free parameters. Here, we adopted values determined using priors from UNIVERSEMACHINE (Behroozi et al. 2019), conditioned on luminosity function constraints from the CO Luminosity Density at High Redshift survey (COLDz; Riechers et al. 2019) and the power spectrum measurement from the CO Power Spectrum Survey (COPSS; Keating et al. 2015). The resulting parameter values were A = −2.85, B = −0.42, log C = 10.63, and [image: Mathematical equation: $ \log \frac{M}{M_\odot}=12.3 $]. We applied a log-normal scatter with σCO = 0.42 dex. As the model space for CO at z ∼ 3 remains extremely uncertain, we additionally tested several other models, which are shown in Figure 3. These are

	
An observationally motivated model that determines halos’ CO luminosity through a simulated star formation rate (SFR), which is in turn generated from their infrared luminosities LIR,

[image: Mathematical equation: $$ \begin{aligned} \log L\prime _\mathrm{CO}&= \frac{1}{\alpha } \left[\log L_\mathrm{IR} - \beta \right], \end{aligned} $$](2)

[image: Mathematical equation: $$ \begin{aligned} L_\mathrm{IR}&= \frac{\mathrm{SFR} }{\delta _\mathrm{MF} }\times 10^{10}. \end{aligned} $$](3)

This is based on Li et al. (2016). However, we took the Keating et al. (2020) extension to this model, which uses the more up-to-date parameter values from Kamenetzky et al. (2016) rather than Carilli & Walter (2013). These values have the additional advantage of connecting the CO luminosities directly to LIR, without the SFR intermediary. The Kamenetzky et al. (2016) parameter values are δMF = 1.0, α = 1.27, β = −1.0. We used a scatter of 0.3 dex, and took

[image: Mathematical equation: $$ \begin{aligned} \frac{L_\mathrm{CO} }{L_\odot } = 4.9\times 10^{-5} \frac{L\prime _\mathrm{CO} }{\mathrm{K\,km\,s^{-1}\,pc^2 }}. \end{aligned} $$](4)

Hereafter we refer to this model as L16-K20.



	
A CO(1-0) model generated from fits to the Santa Cruz semi-analytic model (e.g. Somerville et al. 2015) from Yang et al. (2022). This takes a redshift-dependent double-power-law form,

[image: Mathematical equation: $$ \begin{aligned} L = 2N(z)M\left[\left(\frac{M}{M_1(z)}\right)^{-\alpha (z)} + \left(\frac{M}{M_1(z)}\right)^{\beta (z)} \right]^{-1}, \end{aligned} $$](5)

with a duty cycle

[image: Mathematical equation: $$ \begin{aligned} f_\mathrm{duty} = \frac{1}{1 + \left(\frac{M}{M_2(z)} \right)^{\gamma (z)}}. \end{aligned} $$](6)

We took values for M1(z), N(z), α(z), and β(z), as well as M2(z) and γ(z) for CO(1–0) at 1.0 ≤ z < 4.0 from Table 1 of Yang et al. (2022). We refer to this model as Y22.



	
An observationally driven model abundance-matched onto a collection of z = 3 CO observations by Padmanabhan (2018). This is another redshift-dependent double-power-law model,

[image: Mathematical equation: $$ \begin{aligned} L_\mathrm{CO} (M_\mathrm{h} ,z) = \frac{2N(z)M_\mathrm{h} }{\left(\frac{M_\mathrm{h} }{M_1(z)} \right)^{-b(z)} + \left(\frac{M_\mathrm{h} }{M_1(z)} \right)^{y(z)}}, \end{aligned} $$](7)

with M1(z), N(z), b(z), and y(z) each given by Equation 24 of Padmanabhan (2018). We also adopted the Padmanabhan (2018) duty cycle factor fduty = 0.1. We refer to this model as P18.



	
The flat+COLDz model from C22. This follows the same double power law functional form as the fiducial model above, but is conditioned on luminosity function constraints from the COLDz blind CO galaxy survey (Riechers et al. 2019) alone, with an otherwise flat prior. The coefficients that result are A = −3.7, B = 7.0, log C = 11.1, and [image: Mathematical equation: $ \log \frac{M}{M_\odot}=12.5 $], and it has a lognormal scatter of 0.36 dex. We refer to this model as C22, flat+COLDz.




	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Models for CO luminosity as a function of halo mass used to generate simulated stacks. We defaulted to the C22 fiducial model.



Overall, the COMAP fiducial model is brightest for high-mass halos (Mh ≳ 1012 M⊙), and the L16-K20 model for most other halo masses. The Y22 model is the faintest on average.
3.2. Quasar modelling
Because of the resolution of COMAP, the stack integrates over so many DM halos (roughly 250 over 18 × 18 × 9 cMpc) that the host galaxies of the actual quasars included in the catalogue provide only minor contributions to the total stack luminosity (Dunne et al. 2025). Conversely, this means that the stack is extremely sensitive to the number and CO luminosity of DM halos in the vicinity of the quasars. A successful mock catalogue, then, will recover the relationship between the (observed) quasars and the underlying large-scale structure (LSS), with the CO properties of the quasars themselves only a secondary effect.
As the quasar luminosity function (QLF) has considerably more observational backing from large surveys z ∼ 3 than the CO models (e.g. Ahumada et al. 2020; Palanque-Delabrouille et al. 2016), we followed Dunne et al. (2025) in generating modelled quasar luminosities by abundance-matching onto observed QLFs. We show the parametrizations of the QLF we use in this work in Figure 4. The default model we used is based on a Lyα luminosity function generated from quasars in the Physics of the Accelerating Universe survey (PAU; Torralba-Torregrosa et al. 2024), and follows a Schechter (1976) form,
	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Models for quasar luminosity used to generate simulated catalogues, created from abundance-matching onto observed luminosity functions. The top panel shows the PAU model from (Torralba-Torregrosa et al. 2024) and the bottom panel shows the Palanque-Delabrouille et al. (2016). We defaulted to the Torralba-Torregrosa et al. (2024) model.



[image: Mathematical equation: $$ \begin{aligned} \frac{dn}{dL} = \frac{\phi ^*}{L^*} \left(\frac{L}{L^*}\right)^\alpha e^{-L/L^*}. \end{aligned} $$](8)
We took the lowest-redshift bin, which is centred slightly above the z = 2.62 median redshift of our combined eBOSS-DESI catalogue, yielding log(L*/erg s−1) = 44.89, log(ϕ*/Mpc−3) = −6.48, and α = −1.44. Through propagating forward the uncertainty on these best-fit values, we found an average scatter at the high-mass end (Mhalo > 5 × 1012 M⊙) of σQSO = 0.39 dex. We took the limiting luminosity Lcut = 1044 erg s−1 (Torralba-Torregrosa et al. 2024).
Additionally, we tested the QLF from Palanque-Delabrouille et al. (2016), generated from eBOSS and used for target selection for DESI. The luminosities treated in this work are absolute g-band magnitudes, normalized to z = 2. The luminosity function follows a double power law form,
[image: Mathematical equation: $$ \begin{aligned} \Phi (M_g, z) = \frac{\Phi ^*}{10^{0.4(\alpha + 1)(M_g - M_g^*)} + 10^{0.4(\beta +1)(M_g - M_g^*)}} \end{aligned} $$](9)
with several redshift-dependent modifications modulating Φ*, Mg*, and α. We followed these modifications, using the luminosity and density evolution (LEDE) functional form that the authors suggest for z > 2.2. These modifications are
[image: Mathematical equation: $$ \begin{aligned} \log \left[\Phi ^* (z) \right] = \log \left[\Phi ^* (z_\mathrm{p} ) \right] + c_{1a} (z-z_\mathrm{p} ) + c_{1b} (z - z_\mathrm{p} )^2, \end{aligned} $$](10)
[image: Mathematical equation: $$ \begin{aligned} M^*_g (z) = M_g^* (z_\mathrm{p} ) + c_2 (z-z_\mathrm{p} ), \end{aligned} $$](11)
and
[image: Mathematical equation: $$ \begin{aligned} \alpha (z) = \alpha (z_\mathrm{p} ) + c_3 (z-z_\mathrm{p} ). \end{aligned} $$](12)
In this high-redshift limit, there are eight fitted parameters (Mg*(zp), Φ*(zp), α, β, c1a, c1b, c2, and c3). We took the best-fit values for each from Table 4 of Palanque-Delabrouille et al. (2016). We calculated the luminosity function at z = 2.62 (the median redshift of the combined eBOSS-DESI catalogue), and used this across the entire COMAP redshift range. We determined the log-normal scatter in this relation from the uncertainty on the best-fit parameters, propagating them into the L(M) relation and taking the median scatter at the high-mass end (Mhalo > 5 × 1012 M⊙). This yields a scatter of 0.11 dex.
The actual magnitude limits of the DESI quasar catalogue are defined in the r band. We used the Chaussidon et al. (2023) definition of a (relative) magnitude limit of r = 23.0, and corrected this to the g band using the BOSS composite spectrum of Harris et al. (2016), which provides a g − r value of 0.08 at our median redshift of 2.62. The correction stays below g − r = 0.2 over our entire redshift range. We thus defined a relative magnitude limit of g < 23.08 for this model.
In both cases, once quasar luminosities were assigned to DM halos, we generated a mock catalogue in two steps. First, we removed from the mock catalogue all objects with luminosities (or magnitudes) below the cut-off established for each model. These are objects which would not be observable due to sensitivity limits. We then selected the goal number of objects (Nobj) randomly from the remaining simulated quasars, weighting linearly by the quasar luminosity. Each model has its own simulated sensitivity limit, relationship between quasar luminosity and DM halo mass, and scatter in that relationship. Because of these differences, the average mass of the halos selected to be included in the mock catalogue varies between models, and thus the degree of clustering of other DM halos around the catalogued objects also varies.
4. Stacking methodology
The stack is a coaddition of the COMAP data at the position of each quasar. To accomplish this we primarily followed the methodology established in Dunne et al. (2024), and we refer the reader to that work for the full details. Here, we briefly summarize the methodology and describe the modifications we made to account for pipeline signal loss.
4.1. Coaddition
We first converted the three-dimensional COMAP maps for each field from brightness temperature (Tb) units into CO line luminosity values (L′CO) following Solomon et al. (1997),
[image: Mathematical equation: $$ \begin{aligned} L\prime _\mathrm{CO} = \frac{c^2}{2k_\mathrm{B} }\left(S \Delta v \right) \frac{D_\mathrm{L} ^2}{\nu ^2_\mathrm{obs} \left(1+z \right)^3}, \end{aligned} $$](13)
where
[image: Mathematical equation: $$ \begin{aligned} \left(S \Delta v \right) = \frac{2\nu ^2 k_\mathrm{B} T_\mathrm{b} }{c^2} \Omega _\mathrm{vox} \Delta v. \end{aligned} $$](14)
Here (SΔv) is the integrated CO line flux in the voxel, DL is the luminosity distance of the catalogue object, νobs is the observed frequency and z is the redshift. The parameter Ωvox refers to the solid angle of the sky subtended by the voxel. We then extracted from the COMAP data cubes a 3D ‘cubelet’ centred around the spatial position and observed CO(1-0) frequency of each catalogue object. This centring is performed only at the level of the COMAP voxel. We explore more advanced sub-voxel centring in Mansfield et al. (2025). The cutout cubelets were 31 × 31 × 81 voxels (62′×62′×2.53 GHz, or 113 cMpc × 113 cMpc × 337 cMpc), with the catalogue object itself located within the central voxel of the cubelet. For context, the full COMAP cubes are 120 × 120 × 256 voxels. The cubelets were purposefully much larger than the expected extent of the stack signal in order to account for larger-scale structure.
Finally, we combined the COMAP data cubelets associated with each catalogue object voxel-by-voxel, weighting by the voxel RMS using an inverse-variance scheme to account for the inhomogeneous noise response across the COMAP data cubes. We did this separately for each field. We thus obtained a single stacked cubelet, containing the average three-dimensional profile of the CO emission surrounding the catalogued objects, for each field. We refer to this average cubelet as s. For presentation purposes, we summed the averaged cubelet across its central 5 × 5 spatial voxels or 3 spectral voxels to generate 1D spectra or 2D images, respectively. These are shown in Figure 6.
4.2. Extraction of line luminosity
The goal output value of the stack is the average CO luminosity of the quasars in the eBOSS/DESI catalogue and their surroundings over some given cosmic volume, ⟨L′CO⟩. In Dunne et al. (2024), we obtained this value by integrating the stacked cubelet data s over a central aperture 3 × 3 spatial pixels and seven spectral channels wide. However, the COMAP data reduction pipeline, intended to take the data from raw TOD to a map free of systematic errors, will act on the signal as well as the noise, and modify both the absolute magnitude and 3D distribution of the input ground-truth signal. In order to account for this, we changed the methodology by which we extract the ⟨L′CO⟩ from the stacked datacube. We determined ⟨L′CO⟩ by scaling a 3D model r, containing our best approximation of the predicted stack signal, by an amplitude a fit to the real stacked data s. We then integrated over the scaled model to yield ⟨L′CO⟩. We did this separately for each field, as the different on-sky locations of the fields meant that the pipeline normalization filter, which applies to the TOD, has a different behaviour in RA and Dec for each field.
4.2.1. Extraction methodology
We extracted the signal in four steps, performing each step individually for each COMAP field. Firstly, we generated a 3D model of the signal to be stacked using simulations generated with jointlimlammocker. Then, we processed the raw simulated signal r by the COMAP analysis pipeline, to ensure the effects of the filters on the real data are accounted for in the model, by injecting the simulated signal into subsets of the COMAP TOD and passing these injection simulations through the pipeline. We generated stacks of the simulated signal, both before and after processing by the pipeline. We refer to the resulting unprocessed model as r and the pipeline-processed model as t (these are discussed in more detail below in Sect. 4.2.2, and shown in Figure 5). Thirdly, we used the processed template t as a matched filter, and determined the amplitude a that would scale it to the real stacked datacube s,
	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Averaged simulated stacks used to account for pipeline signal loss in the stack, shown here for COMAP Field 1 above and Field 2 (which is also used for Field 3) below. We show the stacked spectra on the left (averaging across the central 5 × 5 spaxels for presentation purposes) and the stacked images (averaging across the central three spectral channels for presentation purposes) on the right. The apertures over which we sum are shown in black. The spatial and spectral effects of the COMAP analysis pipeline, and the different effects for each field, are visible.



[image: Mathematical equation: $$ \begin{aligned} a = (\mathbf t ^\mathrm{T} \mathbf t )^{-1} \mathbf t ^\mathrm{T} \mathbf s . \end{aligned} $$](15)
We then determined the input stacked signal best-explained by the actual data by multiplying a into the original, unprocessed stack model r. This step also corrected for signal loss incurred by the pipeline filters. In the final step, we calculated the corrected output stack luminosity ⟨L′CO⟩ by integrating over the scaled template signal ar in three dimensions,
[image: Mathematical equation: $$ \begin{aligned} \langle L\prime _\mathrm{CO} \rangle = a\sum ^{+1}_{k=-1}\sum ^{+2}_{i,j=-2} r_{i,j,k}, \end{aligned} $$](16)
where r is the voxel of the model cube r indexed by i and j in the two spatial dimensions and k in the spectral (r is in units of line luminosity, so the area and spectral width of each voxel are accounted for). In this work, we integrated over the central 5 × 5 spaxels (in contrast to the 3 × 3 used in Dunne et al. 2024) because the actual stack signal is dominated by cosmological clustering and is thus considerably more broadened than a point source. Additionally, we summed over 3 spectral channels, rather than 7, and accounted for signal spread out of this central aperture due to uncertainties on the systematic redshifts of the quasars using a scaling factor fVI (see Sect. 6.2.2).
This is a simplified version of the full adaptive matched filtering analysis that we present in Mansfield et al. (2025). There are two advantages to this strategy: extracting ⟨L′CO⟩ using a template weights most heavily the voxels which contain the most signal, and it enables us to efficiently account for signal loss due to the analysis pipeline. Finally, this methodology does introduce a model-dependence to the output ⟨L′CO⟩. We describe how we accounted for this in Sect. 6.3.1.
4.2.2. Template generation
In order to perform the matched filtering correctly, we needed to use as accurate an estimation of the raw signal output from the COMAP stack as possible. Thus, the templates for each field needed to incorporate any modification of the signal incurred during signal processing. To generate an accurate template t, we thus applied the pipeline filters to the simulated signal. We did this by injecting simulated signal into a subset of the raw COMAP TOD, and passing it through the full pipeline and mapmaker. Because we are not detecting CO signal in either autocorrelation or this stacking analysis, and because the simulated halo distribution will not line up with the real one in any case, the raw data functioned as noise (we verify this in Appendix A). Using signal injected into raw data allowed us to estimate signal loss using the actual COMAP noise distribution, thus including its angular and frequency shape and any low-level systematics.
We created 100 different realizations of a simulated CO fluctuation cube and associated QSO catalogue using the jointlimlammocker code and default parameters described in Sect. 3. We used 50 different peak-patch realizations, generating luminosity values using two different random seeds for each (for a total of 100 realizations). This is increased from the ten unique realizations used by Lunde et al. (2024) for the autocorrelation analysis, in order to account more thoroughly for the effects of cosmic variance (see Sect. 6.3.2). We then injected each simulation realization into an unique subset of the full TOD (using a hundredth of the total data volume) for COMAP Fields 1 and 2, boosting the injected signal by a factor of 50. This boost had to be chosen carefully; we required a high-significance template for effective scaling, but the signal still needed to be small enough to not cause non-linearities in any of the pipeline steps. We discuss our choice of boost in more detail in Appendix A. Each of the 100 TOD subsets with injected signal was passed through the full COMAP analysis pipeline and mapmaker, resulting in 100 independent mock LIM cubes for each field, each with accurate on-sky footprints and filtering.
For each field of each injected realization, we then performed a mock stack. For efficiency, we used the template generated for Field 2 for both Field 2 and Field 3, as both fields traverse the sky in a similar fashion, making their scan pattern almost identical in Equatorial coordinates. This produces very similar pipeline effects, and they are thus expected to have very similar templates. We reproduced the quasar density in the real COMAP-eBOSS/DESI stack by stacking on the same number of mock quasars as are present in each real field (the injections recover the same hit patterns as the real COMAP fields, so the cosmic volumes covered by each field were also accurate). We rounded the number of quasars in Fields 2 and 3 to 50 (From 53 and 47). We simulated the uncertainty in the quasar systemic redshifts by offsetting the spectral position of each mock quasar by a random value pulled from a normal distribution with standard deviation σv = 1660 km s−1 (Sect. 2.2). This resulted in a 3D stacked cubelet for each realization. The 131-object Field 1 stacks with a 50× signal boost had S/N values of 6 on average in the central voxels, and the 50-object stacks for Field 2 and 3 had S/N values of 4, calculated using the map-level RMS noise propagated from the TOD. Finally, we averaged together the stacked cubelets for each of the 100 different realizations, voxel-by-voxel, using inverse-variance weighting. The resulting averaged cubelet is our template t, shown in Figure 5. When averaged over 100 iterations, the S/N of the central voxel of the template rises to 67 for Field 1 and 49 for Fields 2 and 3.
4.3. Variance
While it is possible to determine the uncertainties in each stack from propagating through the RMS noise from the TOD, this methodology doesn’t capture any potential residual correlated noise in the maps, or any of the noise processing by the filters in the pipeline. Thus, in order to robustly calculate the variance in the output stacks, we bootstrapped stacks on randomized catalogues and measured the distribution of their measured line luminosity values. We randomized the catalogues using the same method as was used in Dunne et al. (2024), offsetting the coordinates of each object in the stack catalogue by some value (between one and ten spaxels in the angular directions, and between one and ten channels in the spectral direction. This works well for the eBOSS/DESI catalogues, as both are fairly spatially homogeneous. We ran the stack 10 000 times, each time using a different random catalogue realization generated using this method. We calculated ⟨L′CO⟩ from the resulting stacked cubelets using the methodology outlined in Sect. 4.2. We then fit a Gaussian distribution to the output ⟨L′CO⟩ values and took the standard deviation of this Gaussian to be the uncertainty on the stack. This was done separately for each field, because both the average RMS noise and the number of quasars included in the stack varies between fields.
As demonstrated in Chen et al. (2025), this bootstrapped strategy only accounts for variance due to instrumental noise (both correlated and uncorrelated), and does not account for sample variance, which also affects the stack considerably. However, sample variance only applies to actual signal, and in this work we achieve only an upper limit, so the sample variance does not affect the limit directly. Instead, we counted sample variance as an uncertainty on results output from our modelling; we discuss this in Sect. 6.3.2.
5. Results
We show the final COMAP-eBOSS/DESI stacks for each field in Figure 6, noting that the extended 2D image and 1D spectrum representations of the stack are uncorrected for any pipeline signal loss effects. We calculated the scale factor a for each field, using its respective template t, finding a = [0.406, 0.026, 0.027] for Fields [1,2,3] respectively. The scaled templates at are also shown in Figure 6. We then determined ⟨L′CO⟩ for each field using its respective model r, finding ⟨L′CO⟩=[8.44, 0.56, 0.59]×1010 K km s−1 pc2 for Fields [1,2,3].
	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Stacked spectra (left) and 2D images (right) for COMAP data in each of the three COMAP fields at the positions of the eBOSS/DESI QSOs. The per channel RMS values are shown as grey shaded regions in the stacked spectrum, and the scaled template at is overlaid. The stack is not corrected for any pipeline signal-loss effects, and the templates have the same signal loss present.



We calculated the variance for each field using bootstrapping, as described in Sect. 4.3. We combined the values extracted for each field using inverse-variance weighting, using the outputs from the bootstraps in each field to determine the variances. We found an overall output stack luminosity for the COMAP-eBOSS/DESI stack of ⟨L′CO⟩ = 4.15 × 1010 K km s−1 pc2, with an uncertainty σ⟨L′CO⟩ = 2.94 × 1010 K km s−1 pc2. The stack therefore has a significance of 1.41σ, and is a non-detection. The 2σ (95%) upper limit is ⟨L′CO⟩≤10.0 × 1010 K km s−1 pc2. A histogram showing the bootstrapped overall output luminosity values is shown in Figure 7, along with fits to a Gaussian distribution. Averaging the scale factors for each field together using the same inverse-variance weighting, we found an overall scale factor for the stack of a = 0.20. Physically, this means that the scaling of the fiducial model that best explains the data has a fifth of the overall luminosity of our fiducial model.
	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Bootstrapped ⟨L′CO⟩ values determined from stacks on randomized eBOSS/DESI catalogues, with a Gaussian fit. The mean and 1σ confidence interval of the Gaussian are shown in grey.



6. Comparison to models
To put this upper limit value into context, we compared it directly to models for CO emission stacked on QSO positions at z ∼ 3. While these models innately include many factors which could affect the output signal (such as astrophysical line broadening of CO, instrumental beam smearing, and the relationship to the LSS of both the CO emission and the QSOs), there remain several experimental and modelling factors that could serve to either attenuate the stacked signal or add variance, and thus must be accounted for when comparing the real stack luminosity to modelled versions. These are in addition to signal loss from the COMAP analysis pipeline, which is accounted for when extracting ⟨L′CO⟩. We discuss these factors below. The effects of each on the simulated signal are shown in Table 2 and in Figure 9.
6.1. Modelled luminosity values
We tested the five CO models and two QLF models listed in Sect. 3.1. In each case, we determined the modelled ⟨L′CO⟩ by averaging 50 simulated stack realizations. Each simulated stack consisted of three independent mock COMAP fields (simulated using one of 25 peak-patch realizations each with two random seeds for determining luminosity values), each with the real COMAP hit pattern and masking for that field. Unlike the injection simulations presented in Sect. 4.2.2, we did not pass these mock maps through the COMAP pipeline, instead keeping them as the true CO distribution unadulterated by the pipeline filters (i.e. as rmodel cubes). In each field, we generated a mock catalogue cut to the same number of objects as that field in the real stack (Nobj= 131, 53, and 47 for Fields 1, 2, and 3), and stacked over that catalogue. This is because quasars tend to occupy more massive DM halos in a region, which are rare (e.g. Richardson et al. 2012; Hopkins et al. 2008; Chowdhary & Chatterjee 2025). If either the cosmic volume covered by the LIM experiment or the number of catalogued objects is much altered, the mock halo selection will go farther into the lower-mass end than is realistic, affecting the output values, despite the somewhat randomized selection process described in Sect. 3.2. The ⟨L′CO⟩ values for each model are listed in Table 1, both before any corrections for experimental sources of signal attenuation and with uncertainties from raw sample variance (Sect. 6.3.2), and after the corrections are made. The uncorrected spectra are shown in Figure 8.
Table 1. 
Stack ⟨L′CO⟩ values for each of the CO and galaxy catalogue models tested.

	[image: Thumbnail: Fig. 8. Refer to the following caption and surrounding text.]	Fig. 8. Spectra for each CO model choice, shown for a quasar catalogue generated using the Lyα-based Torralba-Torregrosa et al. (2024) model (top) and the eBOSS g-band luminosity function Palanque-Delabrouille et al. (2016) (bottom). Spectra are shown before correcting for any of the attenuation factors discussed in Sect. 6.2.



6.2. Sources of signal attenuation
As we have no signal to compare to in the data themselves, we applied any factor that could attenuate signal directly to the models. In each case, we treated the attenuation as a simple multiplicative factor f. The effects are shown on our fiducial CO model in Figures 9.
	[image: Thumbnail: Fig. 9. Refer to the following caption and surrounding text.]	Fig. 9. Factors attenuating signal or increasing variance, shown for the upper limit from the COMAP-eBOSS/DESI stack and the fiducial model from C22. The corrections applied to the other models are qualitatively similar. The shaded region indicates the 2σ upper limit from the data alone. The various corrections are outlined in Sect. 6.



6.2.1. Pointing uncertainty
There is a known issue with pointing in the COMAP Pathfinder telescope leading to systematic offsets between real and assumed source locations. Using a series of bright radio calibrators (including Taurus A, Cassiopeia A, and Cygnus A), these offsets were determined to be systematically < 1′ in both the azimuthal (az) and elevation (el) directions, with an additional scatter of < 1′. The az and el offsets are dependent on the absolute az-el being observed. For Field 1 (which is at 0° declination), this translates to slight (sub-arcmin) offset in RA and Dec, with ∼0.8′ scatter. For the other two fields, which are at higher declination, offsets occur in different directions when the fields are rising and setting, spreading the RA-Dec scatter along the RA axis. In each case, any systematic offset and the majority of the scatter is contained within a single COMAP spaxel. We verified this by stacking on radio continuum sources which appear in continuum-leakage maps (Appendix B), finding no systematic offset in the continuum sources and very little additional spread in the signal (Table 2).
Table 2. 
Experimental sources of signal attenuation and variance, and their contribution to the stack.

This effect can be ignored in the COMAP autocorrelation, but the stack is predicated on the ability to centre the LIM signal on regions of sky containing catalogue objects, and thus will be attenuated by any imprecision in the instrumental pointing. We determined the magnitude of this attenuation by convolving kernels modelling the RA-Dec pointing scatter described above into the maps for each field, noting that these are upper limits on the magnitude of the pointing errors. We found that the effect is indeed negligible. Signal is attenuated by a factor of 1.04 in Field 1 and by a factor of 1.07 in Fields 2 and 3, using these upper limit values. Combining these factors weighted by the number of objects in each field yields an overall attenuation of 1.05.
6.2.2. Catalogue redshift uncertainty
Redshift uncertainty in the galaxy catalogue can attenuate the stacked signal by spreading luminosity outside of the central aperture where signal is expected (Dunne et al. 2025). We adopted the magnitude of the scatter calculated in Dunne et al. (2024): a redshift uncertainty of 1669 km s−1 (in addition to a systematic offset, which is accounted for above). We treated the redshift uncertainty directly for each model, by repeating the stack described above (Sect. 6.1), offsetting the velocity of each catalogue offset by a value randomly drawn from a Gaussian distribution with zero mean and standard deviation equivalent to the redshift uncertainty. The signal is attenuated on average across models by fVI = 1.21. Instead of simply dividing the ⟨L′CO⟩ output from each model by this value when accounting for redshift uncertainty, we used the actual ⟨L′CO⟩ value from the stack with the introduced redshift scatter.
6.3. Error budget
Certain experimental and modelling parameters serve not to attenuate potential signal directly, but instead to increase the uncertainty on either the data (beyond the instrumental noise calculated using bootstraps in Sect. 5) or model values. Again, we treated each of these as multiplicative factors, labelling them as d.
6.3.1. Model dependence
Our method of signal extraction makes one key assumption: that the spatial and spectral profile of the real stacked signal matches that of the model. The stack is not a point source, and the shape can vary significantly with the CO and quasar model assumed. In Dunne et al. (2025) we found that the stack profile is fairly well-fit by a double-Gaussian model in the spatial axes, and that the width of each can change by 5 − 10% with the CO model used, and much more with galaxy catalogues targeting different galaxy types (up to 30% between a z ∼ 3 LAE model and a z ∼ 3 quasar model, although there would be considerably less variation between the fairly well-characterized quasar models explored here). It is thus critical to know how the output stack luminosity changes with the adopted model.
The injection simulations are computationally expensive, prohibiting us from determining a template t for each CO model and applying it directly to the real data. Instead, we tested for model-dependence by scaling the pre-pipeline stack on the fiducial model rfid to the pre-pipeline model stack for each other model rmodel, and then extracting the ⟨L′CO⟩ from the scaled fiducial model amodelrfid. The output model ⟨L′CO⟩ values calculated using this method differed by at most 6.9%, with the C22 (flat+COLDz) model the most different. We account for this effect as a multiplicative factor dMD = 1.069 applied directly to the uncertainty on the data value.
6.3.2. Sample variance
In addition to the variance from noise in the COMAP data, which is determinable through bootstrapping and is driving the level of the upper limit we report in Sect. 5, there is in an inherent variance in the level of the expected signal in our models. This arises from several sources, including basic cosmic variance, scatter in the CO brightnesses of DM halos, and scatter in the number and mass of DM halos in the vicinity of objects included in galaxy catalogues. This is the difference between the shuffled covariance and true mock covariance discussed by Chen et al. (2025). This variance applies directly to the luminosity of the signal itself, and thus is impossible to account for in our stack value, which detects no luminosity. However, it does apply to the luminosity values returned from our modelling, and will bring down the significance of any discrepancy between the models and our upper limit.
To characterize sample variance for each of the models we test, we calculated the mean absolute deviation (MAD) between the stack ⟨L′CO⟩ value returned from each of 50 independent simulation realizations. The sample variance is sensitive to the amount of cosmic volume probed by the LIM cubes, another reason for our recreation of the exact volume probed by the stack for each simulation realization (including the masking and hit patterns of the actual COMAP data). Regions with fewer hits are downweighted and contribute less to the overall stack luminosity, effectively decreasing the cosmic volume probed by the stack. The final variances are listed as the uncertainties on each model luminosity in Table 1. In this particular stacking configuration, these uncertainty values are of similar magnitude to those from the random noise in the COMAP stack data.
6.3.3. LIM interloper emission
While z ∼ 3 CO(1–0) emission is fairly isolated in the COMAP bandwidth, interloper spectral line emission from higher- or lower-redshift ensembles of galaxies can still disrupt the CO signal. In the case of COMAP, this interloper emission will come primarily from z ∼ 8 galaxies emitting in CO(2–1). The exact degree of contamination from this emission is unknown (because CO at high redshifts is largely unconstrained), but it is estimated to be roughly 30% of the luminosity of the z ∼ 3 CO(1–0) in map space (Chung et al. 2024b). The interloper contamination is heavily dependent on the number of objects being stacked. We found a roughly 20% scatter from a 10% interloper (on a stack on an LAE catalogue) in a 100-object stack in Dunne et al. (2025). We thus repeated this analysis of Dunne et al. (2025) using the exact quasar parameters: we performed 99 simulation realizations with a mock galaxy catalogue generated using the Torralba-Torregrosa et al. (2024) QLF model and 10% LIM interloper contamination, taking 231-object stacks on each. We found that the LIM interloper contamination should add 3.8% scatter. This number is considerably less than the scatter from comparable 100-object stacks in Dunne et al. (2025), due to a combination of the brighter signal from the quasar stack and the smaller aperture being summed over. We thus took dLI = 1.038.
7. Interpretations
In this work, we present stacks of CO emission from COMAP on the positions of quasars from eBOSS and DESI. The stack is a biased tracer of the overall CO luminosity, probing (in this case) the average CO luminosity of an 18 × 18 × 9 cMpc region around surveyed quasars. We do not detect any cosmic CO in the stack, and the upper limit we place on the stacked signal falls below the modelled stack luminosity for simulations incorporating several different CO and quasar models. We have attempted a comprehensive census of possible sources of signal loss and uncertainty (Figure 9), which brings the modelled luminosity values closer to the limit placed by the COMAP-eBOSS/DESI stack, but still leaves a 3.3σ disagreement between the two using our fiducial modelling parameters (the UM+COLDz+COPSS model from Chung et al. 2022 and the Torralba-Torregrosa et al. (2024) quasar model). We show the disagreement as a simple S/N for this model and our suite of other models in Figure 10. Stacks on the L16-K20 CO model are discrepant with our upper limit to > 3σ for both choices of quasar luminosity function.
	[image: Thumbnail: Fig. 10. Refer to the following caption and surrounding text.]	Fig. 10. S/N at which models are discrepant with the COMAP-eBOSS/DESI upper limit for various models of CO emission, including all potential sources of uncertainty and signal attenuation listed in Sect. 6.



Because the stack is not a straightforward tracer of cosmic CO emission, interpretation of this result is somewhat complicated. The stack does not directly probe the average CO emission in the universe as a whole. It also does not directly probe the average CO emission from the galaxies hosting the quasars. In general the contribution of the objects surrounding the catalogued objects to the stacked luminosity is far greater than the stacked luminosity of the objects themselves (Dunne et al. 2025). For higher-mass DM halos such as those containing quasars this difference is not as marked as it is for lower-mass halos (roughly a factor of 6 for our fiducial modelling), but the host galaxies are still a minor factor. For the purposes of discussion, we also assume that all experimental considerations affecting ⟨L′CO⟩ have been accounted for in Sect. 6, although there is always a possibility that our result could be indicative of an unaccounted-for experimental systematic error. We break the remaining potential interpretations into three categories: those affecting the cosmological clustering around the quasars, environmentally dependent baryonic physics that are not accounted for in the simplistic modelling we use, and fainter average CO emission.
7.1. Clustering of halos
Because the stack luminosity is dominated by clustering effects, it is extremely sensitive to the number and mass (which translates nearly directly to luminosity in our models) of the DM halos neighbouring those containing the quasars. In our modelling, this effect is treated through a combination of the QLF, onto which we abundance-match our simulated halos, and the observational cuts (in particular the cutoff luminosity L′cut) used to generate the actual mock catalogue being stacked upon. With our default parameter choices, we find roughly 250 DM halos fall into the stack aperture, in addition to the actual quasar host. The QLF is fairly well-characterized (e.g. Shen et al. 2020; Chaussidon et al. 2023), and statistics other than the QLF have also shown quasars to be highly clustered (White et al. 2012; Timlin et al. 2018), so it is unlikely that our modelling is drastically incorrect. Still, small differences in the QLF can significantly affect the modelled stack luminosity (there is an average 18% discrepancy between the two luminosity functions we test here). The model exclusion by our upper limit is tentative, and could vanish entirely with different choices of quasar modelling.
Modelling errors in our determination of the quasar velocity offsets could also change the number of halos falling into the stack aperture, by changing their systemic velocities. While we have attempted to account for the large bulk motions of gas into and out of quasars (Sect. 6.2.2), CO observations of quasars z ∼ 3 are difficult to obtain, and our determination of the scatter in the relationship between the CO and optically measured velocities is based on only 12 objects, measured using multiple CO lines. If the scatter is being underestimated, that would drive the modelled luminosities down and reduce the tension between the models and the data.
7.2. Feedback and environmental effects
The models we use to compare with the stack luminosity in this work are extremely simple. They assume a very basic galaxy-halo connection, taking only the DM mass of the halo (and possibly its redshift) into consideration when assigning luminosities for both the CO and the quasar tracers. Any other physics is ignored. In the context of a discrepancy between stack and model luminosities, any ignored physics which could result in galaxies in dense environments, or galaxies around quasars, having decreased CO emission, could explain our results.
Such environmental dependence is plausible. Galaxy properties such as SFR are well-known to correlate with their local density, potentially in a manner independent of their halo mass (e.g. Park et al. 2007; Peng et al. 2010). Traditionally, this environmental-dependence has been thought to matter most at small scales, but dependence on scales of 1 − 10 Mpc has been observed up to z ∼ 1. (Park et al. 2007; Wang et al. 2018). Quasars preferentially occupy dense environments; if environmental quenching is occurring in these environments, it would bring our modelled stack luminosities down. Additionally, quasar-specific feedback effects such as jets (which could extend up to several megaparcsecs and have been observed at redshifts as high as z ∼ 5; Oei et al. 2024; Gloudemans et al. 2025) could quench galaxies and disrupt CO emission around the eBOSS/DESI objects.
This sensitivity to large-scale environmental effects is an unique strength of the stack. While there are currently multiple degenerate explanations for the discrepancy between stack models and data, these degeneracies can be broken in the future with ancillary information. Once the CO autocorrelation power spectrum is measured, for example, this could be used to constrain the CO luminosity directly and any remaining discrepancy between models and data could be explained by environmental factors.
7.3. Average CO luminosity
The final potential explanation for the discrepancy between the data and models is that some of the models we present for cosmic CO are simply too bright. We note that this is counter to some tentative existing LIM-based evidence which has been presented favouring the L16-K20 model (suggesting bright cosmic CO, Keating et al. 2020; Chung et al. 2024a).
While considerable effort has been dedicated to realistically modelling the CO luminosity of DM halos as a function of their mass, only a very narrow mass range of halos have actually been observed in CO at z ∼ 3 (e.g. Riechers et al. 2019), and the faint end of the luminosity function has had to be largely inferred from prior empirical models connecting halo properties to star formation and stellar mass. As a result, the models considered here make stronger assumptions than the observations from which they derive. Being in tension with the models thus does not necessitate being in tension with the basic observations.
For the two CO models that are in tension with the observed COMAP stack, it is likely true that the COMAP stack is not in tension with the observations on which the models are based. The C22 fiducial CO model is based on the COLDz luminosity function, which is fit to observations that are complete only to L′CO ∼ 1010 K km s−1 pc2 at z ∼ 2.5 (Pavesi et al. 2018). There remains a large uncertainty in the faint-end slope. If this uncertainty is causing an overestimate of the luminosity of the faint-end objects, this would lead in turn to an overestimate in the stack flux without causing any discrepancy with the actual COLDz observations. The Kamenetzky et al. (2016) observations, on which the L16-K20 model is based, are more complete (down to L′CO(1 − 0) ∼ 108 K km s−1 pc2), but are also primarily of objects in the local universe, at much later times than those being observed by COMAP (z ≲ 0.1). In this model, the CO(1–0) luminosity is extrapolated from an assumed FIR luminosity using a relationship based on these observations, so a tension between observed stack luminosity and the L16-K20 stack luminosity could be explained by an evolution in the CO-FIR relationship with redshift. We note that existing evidence suggests such an evolution may be mild (Genzel et al. 2010; Greve et al. 2014), although observations at z ∼ 2 − 3 are extremely lacking.
The remaining three models we consider are not formally in tension with our stack result: Y22, C22 flat+COLDz, and P18. We note that these either assume little contribution to the overall CO luminosity of the Universe by the faint end of the luminosity function (Y22, C22 flat+COLDz), or invoke a duty cycle that assumes that only a percentage of halos which could emit in CO actually are emitting (P18).
Overall, the tension that we observe between stack models and the COMAP quasar stack could be explained by current models of CO emission over-estimating the contribution from faint galaxies, which are extremely difficult to observe in quantity with traditional galaxy survey techniques at z ∼ 3. Sensitivity to these faint objects and their abundance (or lack thereof) is a unique strength of LIM in general. However, as enumerated above, many degenerate effects other than a fainter faint end may also cause the stack luminosity to be fainter than expected. Each of these would need to be further constrained by observations in order to use the stack to draw conclusions about the faint-end CO luminosity.
8. Summary and conclusions
In this work we have presented an update to the COMAP-eBOSS stack of Dunne et al. (2024). In addition to the factor of three improvement in sensitivity in the stack that results from the increase in COMAP data since the ES data release, we have refined the stack methodology considerably, through a template-based matched filter. We placed a 2σ upper limit on the CO emission surrounding 231 quasars from eBOSS and DESI of ⟨L′CO⟩ = 10.0 × 1010 K km s−1 pc2. We compared this to models of the stack signal, varying both the prescription for CO emission and the QLF. We find that the COMAP-eBOSS/DESI upper limit excludes our brightest model of CO emission stacked on quasars (L16-K20/Torralba-Torregrosa et al. 2024) to > 3σ even after accounting for experimental attenuation and variance from factors including sample variance, pipeline and experimental signal loss, velocity attenuation, model-dependence of the ⟨L′CO⟩ extraction, and interloper emission in the LIM data. The COMAP fiducial/Torralba-Torregrosa et al. (2024) model is also strongly disfavoured at 3.3σ.
However, a wide variety of disparate quasar and galaxy properties affect the stack in addition to the cosmic CO luminosity itself. This is because the stack is not a measure of the true average CO luminosity of the COMAP fields, instead probing only the CO luminosity of the regions surrounding quasars observable by eBOSS or DESI. While we rule out models for the stack emission, which combine CO and quasar modelling, we are thus not able to confidently rule out any model for cosmic CO emission from the stack alone. To truly isolate the cause of the observed discrepancy between data and models will require more detailed modelling and a much broader suite of LIM statistics to work from, including stacks on different galaxy tracers subject to independent environmental considerations, access to correlation data on more spatial scales from a cross-correlation power spectrum between the LIM data and the galaxy surveys, and ultimately a detection of cosmic CO in a full autocorrelation power spectrum as a comparison point. With these ancillary data points, the stack will be a powerful probe of large-scale environmental effects affecting galaxies.
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Appendix A:  Signal injection boost strength
We determine pipeline signal loss and extract the stack ⟨L′CO⟩ using injection simulations, where we inject simulated CO LIM cubes into subsets of the full COMAP data, boosting the injected signal as we do. As discussed in §4.2, we use a boost strength of 50. This yields high S/N ratios in the injected signal when stacked and averaged over 100 iterations (S/N of 49-67 in the central voxel, depending on field). Here, we justify that this boost is also small enough not to cause non-linearities in any of the pipeline steps, or to interact with existing signal in the data.
Ensuring that the boosted injected signal will not affect the TOD pipeline is relatively simple. We find that the brightest voxel of the simulated emission is still roughly four orders of magnitude below the system temperature even after boosting by a factor of 50. The simulated TOD signal will thus be well below the noise, and the TOD pipeline will not be affected by the injection of this signal. The other potentially non-linear pipeline step is the PCA filter applied after map-making (Lunde et al. 2024). The map S/N is greatly increased compared to the S/N of the TOD, so it is possible for the signal to be in the non-linear regime of this filter even when it is well below the noise in the TOD. Lunde et al. (2024) show how the filter behaves with the voxel-level S/N of the maps, ⟨SNRvox⟩. They find that the map-level PCA filter behaves linearly with respect to the CO signal up to ⟨SNRvox⟩ = 0.02. The boosted, signal-injected data subsets we use in this work have ⟨SNRvox⟩∼0.005, so we are well within this linear regime. We also note that our best estimates for the real signal will be well within the linear regime of this filter. The unboosted fiducial CO model would be at a ⟨SNRvox⟩ = 2 × 10−4 in each subset of the full COMAP S2 dataset, and this rises to ⟨SNRvox⟩ = 0.002 after averaging the 100 subsets together. We therefore do not expect either the signal loss analysis or the stack itself to be affected by pipeline nonlinearities. As an additional check that there is no signal being removed by the map-level PCA filter, we stack on the PCA modes removed by the filter. We find no signal.
We also note that signal-injection simulations have been shown to give inaccurate results when there are interactions between real and injected signal (Cheng et al. 2018). This is not an issue when the injected signal is considerably stronger than the real signal in the data. While we do not know the actual strength of the signal in the COMAP data, this work suggests that it is likely weaker than the L16-K20 model, and may be weaker than the COMAP fiducial model. Assuming the fiducial model is correct, the injected signal will be on average 50× brighter than the real signal in the data cubes. Stacking introduces an additional prior on the position of the signal, so even if the two were of equal brightness the real signal would be at least 9.5× fainter than the injected signal in a stack on the injection catalogue. This means that overall, the real signal must be at least 500× fainter than the injected, so we do not expect biasing due to the injection-based simulation strategy.

Appendix B:  Pointing verification using continuum radio sources
We verify the COMAP pointing and the stack coordinate system by performing a stack on known radio continuum sources from the NRAO VLA Sky Survey (NVSS; Condon et al. 1998). The COMAP pipeline is designed to reject continuum, and does so to a high degree of significance (Lunde et al. 2024). However, continuum-leakage maps can be generated by purposefully accounting for the system temperature spikes incorrectly during time-domain processing (Lunde et al. 2025). These maps can then be averaged across the frequency axis to give continuum. While the flux densities in these maps are extremely difficult to calibrate, the spatial distribution of any emission present is accurate. Visible in these maps are clear signatures of the Cosmic Microwave Background, as well as several bright radio continuum sources (Figure B.1).
There are 22 sources from NVSS that fall within the COMAP fields. We perform a stack on these 22 sources, using the frequency-averaged map. The resulting angular profile is shown in Figure B.2. We find a source profile that is somewhat more spread-out than the 4.5′ Gaussian to be expected from stacking on sources exactly centred in their spaxels and broadened only by the primary beam, but which still fits well within 3′×3′. This confirms the COMAP pointing accuracy.
	[image: Thumbnail: Fig. B.1. Refer to the following caption and surrounding text.]	Fig. B.1. Continuum-leakage maps of the three COMAP fields, with radio continuum sources from NVSS (Condon et al. 1998) overplotted.



	[image: Thumbnail: Fig. B.2. Refer to the following caption and surrounding text.]	Fig. B.2. Stack of 22 NVSS radio sources on the COMAP continuum-leakage maps. The resulting image is roughly beam-sized, indicating good pointing accuracy. The scale bar is shown for z = 2.62 (the median redshift of the eBOSS/DESI sources). It corresponds to ∼14′.
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	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Spatial distribution of the eBOSS/DESI quasars compared to the footprint of the COMAP data. The COMAP footprint is coloured by the RMS in each voxel, averaged across all spectral channels, and the quasars are coloured by their redshift.
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	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Redshift distribution of the eBOSS and DESI quasars included in the stack catalogue.
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	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Models for CO luminosity as a function of halo mass used to generate simulated stacks. We defaulted to the C22 fiducial model.
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	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Models for quasar luminosity used to generate simulated catalogues, created from abundance-matching onto observed luminosity functions. The top panel shows the PAU model from (Torralba-Torregrosa et al. 2024) and the bottom panel shows the Palanque-Delabrouille et al. (2016). We defaulted to the Torralba-Torregrosa et al. (2024) model.
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	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Averaged simulated stacks used to account for pipeline signal loss in the stack, shown here for COMAP Field 1 above and Field 2 (which is also used for Field 3) below. We show the stacked spectra on the left (averaging across the central 5 × 5 spaxels for presentation purposes) and the stacked images (averaging across the central three spectral channels for presentation purposes) on the right. The apertures over which we sum are shown in black. The spatial and spectral effects of the COMAP analysis pipeline, and the different effects for each field, are visible.
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	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Stacked spectra (left) and 2D images (right) for COMAP data in each of the three COMAP fields at the positions of the eBOSS/DESI QSOs. The per channel RMS values are shown as grey shaded regions in the stacked spectrum, and the scaled template at is overlaid. The stack is not corrected for any pipeline signal-loss effects, and the templates have the same signal loss present.
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	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Bootstrapped ⟨L′CO⟩ values determined from stacks on randomized eBOSS/DESI catalogues, with a Gaussian fit. The mean and 1σ confidence interval of the Gaussian are shown in grey.
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	[image: Thumbnail: Fig. 8. Refer to the following caption and surrounding text.]	Fig. 8. Spectra for each CO model choice, shown for a quasar catalogue generated using the Lyα-based Torralba-Torregrosa et al. (2024) model (top) and the eBOSS g-band luminosity function Palanque-Delabrouille et al. (2016) (bottom). Spectra are shown before correcting for any of the attenuation factors discussed in Sect. 6.2.
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	[image: Thumbnail: Fig. 9. Refer to the following caption and surrounding text.]	Fig. 9. Factors attenuating signal or increasing variance, shown for the upper limit from the COMAP-eBOSS/DESI stack and the fiducial model from C22. The corrections applied to the other models are qualitatively similar. The shaded region indicates the 2σ upper limit from the data alone. The various corrections are outlined in Sect. 6.
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	[image: Thumbnail: Fig. 10. Refer to the following caption and surrounding text.]	Fig. 10. S/N at which models are discrepant with the COMAP-eBOSS/DESI upper limit for various models of CO emission, including all potential sources of uncertainty and signal attenuation listed in Sect. 6.
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In the text



	[image: Thumbnail: Fig. B.2. Refer to the following caption and surrounding text.]	Fig. B.2. Stack of 22 NVSS radio sources on the COMAP continuum-leakage maps. The resulting image is roughly beam-sized, indicating good pointing accuracy. The scale bar is shown for z = 2.62 (the median redshift of the eBOSS/DESI sources). It corresponds to ∼14′.
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        Spatial distribution of the eBOSS/DESI quasars compared to the footprint of the COMAP data. The COMAP footprint is coloured by the RMS in each voxel, averaged across all spectral channels, and the quasars are coloured by their redshift.
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        Redshift distribution of the eBOSS and DESI quasars included in the stack catalogue.
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        Models for CO luminosity as a function of halo mass used to generate simulated stacks. We defaulted to the C22 fiducial model.
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        Models for quasar luminosity used to generate simulated catalogues, created from abundance-matching onto observed luminosity functions. The top panel shows the PAU model from (Torralba-Torregrosa et al. 2024) and the bottom panel shows the Palanque-Delabrouille et al. (2016). We defaulted to the Torralba-Torregrosa et al. (2024) model.
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        Averaged simulated stacks used to account for pipeline signal loss in the stack, shown here for COMAP Field 1 above and Field 2 (which is also used for Field 3) below. We show the stacked spectra on the left (averaging across the central 5 × 5 spaxels for presentation purposes) and the stacked images (averaging across the central three spectral channels for presentation purposes) on the right. The apertures over which we sum are shown in black. The spatial and spectral effects of the COMAP analysis pipeline, and the different effects for each field, are visible.
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        Stacked spectra (left) and 2D images (right) for COMAP data in each of the three COMAP fields at the positions of the eBOSS/DESI QSOs. The per channel RMS values are shown as grey shaded regions in the stacked spectrum, and the scaled template at is overlaid. The stack is not corrected for any pipeline signal-loss effects, and the templates have the same signal loss present.
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        Bootstrapped ⟨L′CO⟩ values determined from stacks on randomized eBOSS/DESI catalogues, with a Gaussian fit. The mean and 1σ confidence interval of the Gaussian are shown in grey.

      

    

  
    
      Table 1. 

      Stack ⟨L′CO⟩ values for each of the CO and galaxy catalogue models tested.

      
        


	Model
	TT24a ⟨L′CO⟩
	PD16b ⟨L′CO⟩



	
	(K km s−1 pc2)
	(K km s−1 pc2)



	
	×1010
	×1010





	Before corrections



	




	Fiducialc
	26.87 ± 2.43
	22.32 ± 1.88



	L16-K20
	30.53 ± 2.23
	26.36 ± 1.70



	Y22
	15.83 ± 1.17
	13.45 ± 0.91



	flat+COLDzc
	14.86 ± 1.14
	13.25 ± 1.17



	P18
	12.34 ± 0.97
	10.38 ± 0.77



	




	After corrections



	




	Fiducialc
	21.19 ± 2.15
	17.55 ± 1.71



	L16-K20
	24.36 ± 2.25
	20.81 ± 1.64



	Y22
	12.59 ± 1.15
	10.61 ± 0.86



	flat+COLDzc
	11.79 ± 1.06
	10.49 ± 1.09



	P18
	9.79 ± 0.91
	8.17 ± 0.69





      

      
Notes. Top: Values are shown before correcting for any attenuation due to experimental parameters, with uncertainties from raw sample variances. Bottom: Values are shown after applying all corrections to both the signal and the variance.

a The quasar model from Torralba-Torregrosa et al. (2024).


b The quasar model from Palanque-Delabrouille et al. (2016).


c From C22.




    

  
    
      Fig. 8. 
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        Spectra for each CO model choice, shown for a quasar catalogue generated using the Lyα-based Torralba-Torregrosa et al. (2024) model (top) and the eBOSS g-band luminosity function Palanque-Delabrouille et al. (2016) (bottom). Spectra are shown before correcting for any of the attenuation factors discussed in Sect. 6.2.
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        Factors attenuating signal or increasing variance, shown for the upper limit from the COMAP-eBOSS/DESI stack and the fiducial model from C22. The corrections applied to the other models are qualitatively similar. The shaded region indicates the 2σ upper limit from the data alone. The various corrections are outlined in Sect. 6.

      

    

  
    
      Table 2. 

      Experimental sources of signal attenuation and variance, and their contribution to the stack.

      
        


	Description
	Factor
	Value





	Signal attenuation



	




	Pointing uncertainties
	fPO
	1.05



	Redshift uncertainties
	fVI
	1.21



	




	Variance



	




	Model-dependence
	dMD
	1.07



	LIM interloper emission
	dLI
	1.04





      

    

  
    
      Fig. 10. 

      
        [image: Fig. 10. Refer to the following caption and surrounding text.]
      

      
        S/N at which models are discrepant with the COMAP-eBOSS/DESI upper limit for various models of CO emission, including all potential sources of uncertainty and signal attenuation listed in Sect. 6.

      

    

  
    
      Fig. B.1. 

      
        [image: Fig. B.1. Refer to the following caption and surrounding text.]
      

      
        Continuum-leakage maps of the three COMAP fields, with radio continuum sources from NVSS (Condon et al. 1998) overplotted.

      

    

  
    
      Fig. B.2. 

      
        [image: Fig. B.2. Refer to the following caption and surrounding text.]
      

      
        Stack of 22 NVSS radio sources on the COMAP continuum-leakage maps. The resulting image is roughly beam-sized, indicating good pointing accuracy. The scale bar is shown for z = 2.62 (the median redshift of the eBOSS/DESI sources). It corresponds to ∼14′.
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