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find that the network is able to reproduce the HI power
spectrum from the simulations up to a deviation of5% all the
way to nonlinear scales k 1 hMpc−1, whereas the HOD
deviates by 20% at low k, although it becomes slightly more
accurate at high k. The increase in the HOD accuracy at high k
arises mainly as a result of the one-halo term given in
Equation (6). It is important, however, to note that the one-halo
term in Equation (6) only aids in the accuracy of the power
spectrum (amplitude of fluctuations) at high k but does not
accurately model the phases of the H I fluctuations, which are
relevant for the cross-correlation coefficient rHI (compared in
the right panel of Figure 3). VN18 argued that one possible
cause of the discrepancy in the HOD power spectrum at low k
may be the fact that they do not explicitly fit the total ΩHI in the
simulation volume, which would change the H I bias. However,
even if the bias is changed, their rHI should remain unchanged.

We do not show error bars arising from sample variance in
the testing volume because both the DM and the H I fields from
IllustrisTNG are evolved from the same initial conditions. We
chose the particular range of k in Figure 3 because of the two
following constraints: the low-k limit is set by the largest mode
in the test set (making an even larger test set is possible, but at
the expense of reduction in the training data), and the high-k
limit is conservatively set such that the scales affected by the
smoothing of the H I maps (∼5× 300 h−1 kpc) are removed
(see Figure 9 for PHI plotted until k= 10 hMpc−1).

It is worth noting that the accuracy of PHI(k) is dependent on
modeling of H I in high-mass halos (see, e.g., Figure 8). As
mentioned in Section 3.2, the training of our network is
challenging in the high-mass end, because of the sparsity
associated with the abundance of voxels in that regime. Our
results can be further improved if we train the U-net on a
simulation with a larger volume,21 which would have a larger
number of high-mass halos, or using a set of zoom-in
simulations focused on galaxy clusters (Thiele et al. 2020).

Let us now estimate, very crudely, the accuracy of the power
spectrum model required for future 21 cm surveys using some
fisher forecasts in the literature. Obuljen et al. (2018) showed
that the peak signal-to-noise ratio (S/N) could be ∼10 for
upcoming surveys like HIRAX and CHIME (note that S/N will

be much larger for future surveys like SKA), and therefore the
accuracy of the method to produce 21 cm mocks should
roughly be 10% for the power spectrum.

5.2. Cross-correlation with Galaxies and Halos

Large regions of future H I surveys will overlap with regions
sampled by galaxy spectroscopic surveys like DESI or Euclid.
One of the most important summary statistics in such overlapping
regions is the H I−galaxy cross-power PHI − Galaxy. Using the
cross-correlations will boost the S/N and mitigate the effects of
foregrounds (e.g., Villaescusa-Navarro et al. 2015b predict the
S/N for the cross-correlation between future 21 cm surveys and
Lyman break galaxies to be larger than 21 cm autocorrelation by a
factor of ∼10 (∼4) at large (small) scales; see also Padmanabhan
et al. 2020; Modi et al. 2021). Furthermore, unlike the auto-power
spectrum of 21 cm, which is yet to be detected, there have already
been multiple detections of the PHI − Galaxy signal (Chang et al.
2010; Masui et al. 2013; Anderson et al. 2018).
In Figure 4, we compare PHI − Galaxy from our approach. We

have included all the galaxies in the TNG100-1 sample with the

Figure 3. Comparison between the H I power spectrum (left) and the cross-correlation coefficient, defined as ( ) = -r P P PA A AIllustris Illustris (right), for the IllustrisTNG
simulation (orange), the HOD (green), and the neural network (black). We can see that the network outperforms the HOD for both statistics on all scales.

Figure 4. Comparison of the H I−galaxy cross-power (top), its relative error
(middle), and the H I−galaxy cross-correlation coefficient (bottom), which is
defined as =- -r P P PHI Galaxy HI Galaxy HI Galaxy ). The line labels are the same
as in Figure 3. The network outperforms HOD up to the nonlinear scales
(k  1 hMpc−1).

21 We plan to train the U-net on the IllustrisTNG-300 sample (which has three
times the volume of the TNG100 sample) and expect to find even better
agreement at the high-mass end of the pdf in Figure 7.
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1. Agents for surrogate/emulator modeling

- Surrogates are computationally cheap models used to  
  approximate expensive simulations

- Strong case for agents:
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[m2/m1, χ1z, χ2z, e, ζ]

1. Verifiable objective function (simulator ground truth is known) 
2. Rapid low-cost Iterations 
3. Rich/high-dimensional search space
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Figure 1: Construction and optimization of analytic surrogate models for eccentric binary black hole mergers. (A) Overview
of the GWAgent framework. The upper schematic summarizes the iterative workflow linking physics priors, refinement, simulation
validation, surrogate construction, and astrophysical inference. Agent 1 maps binary parameters (𝐿, 𝑀1,2, 𝑁0, 𝑂0,𝑃0) to dynamics
𝑁(𝑄), 𝑂 (𝑄), and 𝑅(𝑄). Agent 2 fits an analytic surrogate by learning residuals to a post-Newtonian ansatz (see Eqs. 1, 2). Agent 3 then
extracts compact, interpretable structure to develop a resummed analytic surrogate which can accurately reconstruct waveforms and
is benchmarked against numerical simulations. (B) We show a summary of the optimization steps performed by Agents 2 and 3,
including major discarded trials that illustrate the breadth of the search space explored (which is substantially wider than is feasible
through manual iteration). Progressive refinement reduces waveform dephasing relative to the baseline ansatz (initial position) while
simultaneously improving e!ciency, achieving phase errors close to 0.1 rad with a →8.4↑ acceleration in waveform evaluation.
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See also: AlphaEvolve (arXiv:2506.13131), Autoresearch (Andrej Karpathy)
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Analytic/symbolic target model  
+ Compactification/Interpretation

Fagent(x, e, ζ) =
N∼2955

∑
j=1

cj ⋅ eaj
i ⋅ xbj

i ⋅ νcj
i ⋅ Trig(kj , ζ)

Fagent(x, e, ζ) ≈
N∼10

∑
i=1

eai

(1 − e2)1/2
xbi νci χdi

S χ fi
A [c(i)

0 +
3

∑
k=1

(α(i)
k cos(kζ) + β(i)

k sin(kζ))]

~3000 terms

~10 terms
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Agentic solution 
outperforms

Islam, DW, et al (2605.11280)
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Figure 4: Eccentric binary black hole interpretation of the GW event GW200129. Posterior distribution for the eccentricity at
20 Hz (𝐿20Hz) inferred using the GWAgent surrogate model. The shaded region shows the posterior density, with the median and
90% credible interval indicated by dashed lines. The result favors nonzero eccentricity within this model and prior choice.
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Figure 5: Comparison of agentic surrogate models with other approaches. (A) Distribution of Advanced LIGO mismatches
MMLIGO [→ better, see Eq. (4)] across validation configurations. Agent-derived surrogates achieve substantially lower mismatches
than baseline theoretical ansatz and symbolic regression methods, with median mismatch ↑ 6.9 ↓ 10↔4, compared to ↑ 10↔2 for
baseline models. (B) Trade-o! between accuracy and computational cost. Points show median mismatch versus waveform evaluation
time. Agentic surrogates define a favorable Pareto frontier, achieving↑ 6.9↓10↔4 accuracy atO(10) ms cost, outperforming symbolic
regression (PySR, gplearn, Operon, and AI-Feynman) and classical machine learning (e.g. random forest) approaches. We also
include the output of the agentic surrogate without the physics-informed ansatz, which exhibits worse performance. Dashed lines
indicate the baseline simulation cost of pySEOBNR.
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A(−−+⋯+)
n = ω1ω2 2 n−1 ∑

S⊆{3,…,n}

(−1)|S|[β2 − ∑
i∈S

ω2
i ] n−3

+

n = 5 : A5 = 16ω1ω2[β4 − [β2 − ω2
3]2

+ − [β2 − ω2
4]2

+ − [β2 − ω2
5]2

+ + [β2 − ω2
3 − ω2

4]2
+ + [β2 − ω2

3 − ω2
5]2

+ + [β2 − ω2
4 − ω2

5]2
+ − [β2 − ω2

3 − ω2
4 − ω2

5]2
+]

Arkani-Hamed, et al 
(2606.28280)
Zhou, DW et al (in prep)

Another example of agentic analytic modeling:
Surface water wave scattering 

https://arxiv.org/abs/2606.28280
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2. Transient searches  new black hole mergers→

DW et al (in prep)

Old volume sensitivity
New 

1. Verifiable objective function (maximize synthetic signal detection) 
2. Rapid low-cost Iterations 
3. Rich/high-dimensional search space
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The global 21-cm signal in context 1369

Figure 1. Calibrated SFE curve computed using the Bouwens et al. (2015)
data at z ∼ 6. The solid black line is the maximum likelihood SFE curve,
with dark and light grey regions denoting regions containing 68 per cent
and 95 per cent of the likelihood, respectively. Note that the boundaries
of shaded regions do not necessarily correspond to realizations of the SFE
curve, as they are determined through computation of the 68 per cent and
95 per cent ranges for each Mh independently. Shown for reference are the
halo masses corresponding to virial temperatures of 103, 104, and 105 K at
redshifts z = 6, 10, and 20 (upper left). The dashed and dotted curves are
simple extensions to the pure DPL SFE curve explored in subsequent figures.
MUV = −17 corresponds to a halo mass of ∼109 M# for our fiducial model.

The uncertainties in f∗ grow at both the low- and high-mass ends.
Though the SFE of high-mass galaxies almost certainly encodes
interesting physics, such sources are probably too rare to make
an impact on the global 21-cm signal. As a result, we will focus
principally on possible behaviours in the low-mass end of the SFE,
equivalent to the faint-end of the galaxy LF, and leave questions
regarding the bright-end to be addressed properly by WFIRST in
the years to come.

We will consider two simple phenomenological extensions to
the pure DPL SFE model in the remainder of the paper, which
we refer to as the floor and steep models, as identified by
dashed and dotted lines in Fig. 1, respectively. The floormodel is
implemented by adding a constant 0.5 per cent SFE in haloes below
109 M#, while the steep model is a multiplicative modification
to the dpl model of the form

f∗(Mh) =
[

1 +
(
2µ/3) − 1

) (
Mh

Mc

)−µ
]−3/µ

, (12)

with µ = 1 and Mc = 1010M#. The floormodel resembles some
physical models (e.g. Mason et al. 2015), while the steep model
is similar (though much more extreme) than occupation fraction
predictions from recent numerical simulations (e.g. O’Shea et al.
2015, who found µ ∼ 1.5 and Mc ∼ 6 × 107M#). However, our
main motivation for adopting these particular extensions to the SFE
is that their corresponding τ e values differ by an amount comparable
to the 1σ confidence interval for τ e recently published by the Planck
team, assuming fesc = 0.1 and Tmin = 104 K, as we will see in the
next section.

3.2 The luminosity function – global 21-cm connection

In Fig. 2, we present the main result of this paper: models for
the galaxy LF and corresponding predictions for the global 21-cm
signal. We match the z ∼ 6 LF as measured by Bouwens et al.
(2015) by construction. Our best-fitting model is again represented

by the solid black line, with 68 per cent confidence region denoted
by the shaded grey region, and phenomenological SFE floor and
steep extensions shown as dashed and dotted curves. The inset
shows the Thomson optical depth of the CMB for each SFE model,
relative to the Planck measurement of τ e = 0.055 ± 0.009 (Planck
Collaboration XLVI 2016), assuming fesc,LyC = 0.1.

The SFE behaviour affects the predicted global 21-cm signal
as well, as shown in the right-hand panel of Fig. 2. Imposing a
floor in the SFE in low-mass galaxies causes earlier features in
the global 21-cm signal, while a steep decline in the SFE causes
later features. All three curves are deep (∼−160 ± 10 mK), and
occur at frequencies 95 ! ν ! 125 MHz. The dpl and floor
models have a very weak !5 mK emission feature, which would
be extremely difficult to detect observationally. Indeed, the steep
model lacks an emission feature entirely.

Realizations of the global 21-cm signal similar to those of Fig. 2 –
though not quite as extreme – have appeared in the literature before,
most often a byproduct of restricting star formation to massive
haloes, assuming a dramatic suppression of X-ray emissions per
unit star formation in high-z galaxies (e.g. Pritchard & Loeb 2010;
Mesinger et al. 2013; Mirocha et al. 2015), or assuming that the
spectra of X-ray sources are very hard (Fialkov et al. 2014b).3

In contrast, the minimum mass of star-forming galaxies plays
only a minor role in our framework (as in Sun & Furlanetto 2016,
see also Section 3.3). Our preference for models with strong high-
frequency absorption features and weak (or non-existent) emission
features is instead driven primarily by:

(i) the relatively inefficient f∗ ∼ 5 per cent peak star formation
efficiency and f∗ ! 1 per cent in low-mass (but very abundant)
haloes, in contrast to the fiducial ∼10 per cent;

(ii) the steady reduction in τ e over the last few years (Planck
Collaboration XIII 2016; Planck Collaboration XLVI 2016), which
supports compressed reionization histories;

(iii) suggestive evidence that the high-z X-ray background is
dominated by X-ray binaries (Brorby et al. 2016; Lehmer et al.
2016), which have hard spectra and thus lead to relatively inefficient
heating of the IGM.

We are inclined to give our late-absorption (or ‘cold reionization’)
models more weight than was perhaps warranted in years past given
their explicit calibration to the known high-z galaxy population.
Madau & Fragos (2016) recently came to a similar conclusion using
up-to-date constraints on the star formation history and a synthesis
model for binary systems.

Given the recent interest in the spin temperature of the high-
z IGM, we show our predictions for the mean spin temperature
at z = 8.4 in the right-most inset of Fig. 2. The hatched region
indicates unphysical values, while the grey region is disfavoured
by the PAPER limits on the power spectrum (the most pessimistic
limits quoted in Greig et al. 2016).

From an observational standpoint, the magnitude of changes in
the global 21-cm signal brought about by changes in the SFE model
are encouragingly large, as several forecasting studies have pre-
dicted that the absorption minimum of the global 21-cm signal
can be recovered with an accuracy of !1 MHz in frequency and

3 Each of the aforementioned models, including ours, qualitatively agree
when star formation is assumed to occur only in atomic cooling haloes with
a constant efficiency, independent of the modelling approach adopted. See,
e.g. figs 2, 9, 1, and 2 of Pritchard & Loeb (2010), Mesinger et al. (2013),
Mirocha et al. (2015), and Fialkov et al. (2014b), respectively.
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The global 21-cm signal in context 1369

Figure 1. Calibrated SFE curve computed using the Bouwens et al. (2015)
data at z ∼ 6. The solid black line is the maximum likelihood SFE curve,
with dark and light grey regions denoting regions containing 68 per cent
and 95 per cent of the likelihood, respectively. Note that the boundaries
of shaded regions do not necessarily correspond to realizations of the SFE
curve, as they are determined through computation of the 68 per cent and
95 per cent ranges for each Mh independently. Shown for reference are the
halo masses corresponding to virial temperatures of 103, 104, and 105 K at
redshifts z = 6, 10, and 20 (upper left). The dashed and dotted curves are
simple extensions to the pure DPL SFE curve explored in subsequent figures.
MUV = −17 corresponds to a halo mass of ∼109 M# for our fiducial model.

The uncertainties in f∗ grow at both the low- and high-mass ends.
Though the SFE of high-mass galaxies almost certainly encodes
interesting physics, such sources are probably too rare to make
an impact on the global 21-cm signal. As a result, we will focus
principally on possible behaviours in the low-mass end of the SFE,
equivalent to the faint-end of the galaxy LF, and leave questions
regarding the bright-end to be addressed properly by WFIRST in
the years to come.

We will consider two simple phenomenological extensions to
the pure DPL SFE model in the remainder of the paper, which
we refer to as the floor and steep models, as identified by
dashed and dotted lines in Fig. 1, respectively. The floormodel is
implemented by adding a constant 0.5 per cent SFE in haloes below
109 M#, while the steep model is a multiplicative modification
to the dpl model of the form

f∗(Mh) =
[

1 +
(
2µ/3) − 1

) (
Mh

Mc

)−µ
]−3/µ

, (12)

with µ = 1 and Mc = 1010M#. The floormodel resembles some
physical models (e.g. Mason et al. 2015), while the steep model
is similar (though much more extreme) than occupation fraction
predictions from recent numerical simulations (e.g. O’Shea et al.
2015, who found µ ∼ 1.5 and Mc ∼ 6 × 107M#). However, our
main motivation for adopting these particular extensions to the SFE
is that their corresponding τ e values differ by an amount comparable
to the 1σ confidence interval for τ e recently published by the Planck
team, assuming fesc = 0.1 and Tmin = 104 K, as we will see in the
next section.

3.2 The luminosity function – global 21-cm connection

In Fig. 2, we present the main result of this paper: models for
the galaxy LF and corresponding predictions for the global 21-cm
signal. We match the z ∼ 6 LF as measured by Bouwens et al.
(2015) by construction. Our best-fitting model is again represented

by the solid black line, with 68 per cent confidence region denoted
by the shaded grey region, and phenomenological SFE floor and
steep extensions shown as dashed and dotted curves. The inset
shows the Thomson optical depth of the CMB for each SFE model,
relative to the Planck measurement of τ e = 0.055 ± 0.009 (Planck
Collaboration XLVI 2016), assuming fesc,LyC = 0.1.

The SFE behaviour affects the predicted global 21-cm signal
as well, as shown in the right-hand panel of Fig. 2. Imposing a
floor in the SFE in low-mass galaxies causes earlier features in
the global 21-cm signal, while a steep decline in the SFE causes
later features. All three curves are deep (∼−160 ± 10 mK), and
occur at frequencies 95 ! ν ! 125 MHz. The dpl and floor
models have a very weak !5 mK emission feature, which would
be extremely difficult to detect observationally. Indeed, the steep
model lacks an emission feature entirely.

Realizations of the global 21-cm signal similar to those of Fig. 2 –
though not quite as extreme – have appeared in the literature before,
most often a byproduct of restricting star formation to massive
haloes, assuming a dramatic suppression of X-ray emissions per
unit star formation in high-z galaxies (e.g. Pritchard & Loeb 2010;
Mesinger et al. 2013; Mirocha et al. 2015), or assuming that the
spectra of X-ray sources are very hard (Fialkov et al. 2014b).3

In contrast, the minimum mass of star-forming galaxies plays
only a minor role in our framework (as in Sun & Furlanetto 2016,
see also Section 3.3). Our preference for models with strong high-
frequency absorption features and weak (or non-existent) emission
features is instead driven primarily by:

(i) the relatively inefficient f∗ ∼ 5 per cent peak star formation
efficiency and f∗ ! 1 per cent in low-mass (but very abundant)
haloes, in contrast to the fiducial ∼10 per cent;

(ii) the steady reduction in τ e over the last few years (Planck
Collaboration XIII 2016; Planck Collaboration XLVI 2016), which
supports compressed reionization histories;

(iii) suggestive evidence that the high-z X-ray background is
dominated by X-ray binaries (Brorby et al. 2016; Lehmer et al.
2016), which have hard spectra and thus lead to relatively inefficient
heating of the IGM.

We are inclined to give our late-absorption (or ‘cold reionization’)
models more weight than was perhaps warranted in years past given
their explicit calibration to the known high-z galaxy population.
Madau & Fragos (2016) recently came to a similar conclusion using
up-to-date constraints on the star formation history and a synthesis
model for binary systems.

Given the recent interest in the spin temperature of the high-
z IGM, we show our predictions for the mean spin temperature
at z = 8.4 in the right-most inset of Fig. 2. The hatched region
indicates unphysical values, while the grey region is disfavoured
by the PAPER limits on the power spectrum (the most pessimistic
limits quoted in Greig et al. 2016).

From an observational standpoint, the magnitude of changes in
the global 21-cm signal brought about by changes in the SFE model
are encouragingly large, as several forecasting studies have pre-
dicted that the absorption minimum of the global 21-cm signal
can be recovered with an accuracy of !1 MHz in frequency and

3 Each of the aforementioned models, including ours, qualitatively agree
when star formation is assumed to occur only in atomic cooling haloes with
a constant efficiency, independent of the modelling approach adopted. See,
e.g. figs 2, 9, 1, and 2 of Pritchard & Loeb (2010), Mesinger et al. (2013),
Mirocha et al. (2015), and Fialkov et al. (2014b), respectively.
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Probing cosmic reionization with gravitational detectors
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Probing renormalization group running with 3G detectors

̂ ̂ℓ = ℓ + λRGγuniv
ℓm

Renormalized 
angular momentum 
quantum number 
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NASA AI/ML 
STIG group

https://ai4astro.org/

https://tingyuansen.github.io/NASA_AI_ML_STIG/
https://tingyuansen.github.io/NASA_AI_ML_STIG/
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Summary
• Agentic systems can be powerful in areas with: 

1.1. Verifiable objective function 
2. Rapid low-cost Iterations 
3. Rich/high-dimensional search space

• Agents can help in multiple areas of  
astrophysical data analysis: 
1. Surrogate modeling 
2. Next gen. detector forecasts 
3. Transient searches

jay.wadekar@utexas.edu
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What open problems in your field are 
naturally suited for agentic applications?
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Figure 1: Construction and optimization of analytic surrogate models for eccentric binary black hole mergers. (A) Overview
of the GWAgent framework. The upper schematic summarizes the iterative workflow linking physics priors, refinement, simulation
validation, surrogate construction, and astrophysical inference. Agent 1 maps binary parameters (𝐿, 𝑀1,2, 𝑁0, 𝑂0,𝑃0) to dynamics
𝑁(𝑄), 𝑂 (𝑄), and 𝑅(𝑄). Agent 2 fits an analytic surrogate by learning residuals to a post-Newtonian ansatz (see Eqs. 1, 2). Agent 3 then
extracts compact, interpretable structure to develop a resummed analytic surrogate which can accurately reconstruct waveforms and
is benchmarked against numerical simulations. (B) We show a summary of the optimization steps performed by Agents 2 and 3,
including major discarded trials that illustrate the breadth of the search space explored (which is substantially wider than is feasible
through manual iteration). Progressive refinement reduces waveform dephasing relative to the baseline ansatz (initial position) while
simultaneously improving e!ciency, achieving phase errors close to 0.1 rad with a →8.4↑ acceleration in waveform evaluation.
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