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• Scalar fields are ubiquitous in string theory compactifications: arising from the internal 
geometry or from higher dimensional p-forms. 


• String theory scalars have been extensively studied as candidates for inflatons in early 
universe cosmology.


• With the latest cosmological observations, 
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FIG. 2. Equation of state parameter, w(z) = P/⇢c2, and
corresponding normalized dark energy density, fDE(z) ⌘
⇢DE(z)/⇢DE,0, as a function of redshift using the w0wa

parametrization. The solid and dashed-dotted vertical lines
indicate the phantom-crossing (zc) and dark energy-matter
equality (zeq) redshifts, respectively. The horizontal dashed
line represents ⇤CDM.

III. OVERVIEW OF THE w0waCDM RESULTS

We begin by summarizing the dark energy main find-
ings of the DESI DR2 BAO key paper [47], assuming
the w0wa parametrization given in Eq. (3). As an ex-
ample, the marginalized constraints in the w0wa plane
are shown in Figure 1 for the DESI+CMB+Union3 data
combination, together with the constraints from DESI
DR1 BAO with those obtained with DESI DR2 BAO,
corresponding to one and three-years worth of data, re-
spectively. The combined data favor the region w0 > �1
and wa < 0, away from a cosmological constant, implying
that the equation of state was phantom-like (w(z) < �1)
in the distant past and has since evolved to w(z) > �1 at
present, as shown in the top panel of Figure 2. This pref-
erence was observed in previous DESI analyses [40–44]
and persists even when allowing for variations in the spa-
tial curvature (⌦K) [40], modified gravity [92], or modi-
fications to the pre-recombination physics [93].

DESI DR2 BAO data show that the mean posterior
distributions have shifted slightly toward the ⇤CDM-
expected values, while the reduced uncertainties have
marginally increased the statistical significance of the de-
viations from ⇤CDM to 2.8 � 4.2� (with improvements
in fit ranging from �21.0  ��2

 �10.7), compared
to 2.5 � 3.9� from DR1 [40, 47]. Similar conclusions fol-
low when using the weighted posterior average of log-
likelihood, the Bayesian counterpart of ��2. For a de-

tailed Bayesian model comparison, see Appendix A. In-
terestingly, with the increased precision, the combined
DESI+CMB data already suggest a ' 3� deviation
from ⇤CDM, independent of any SNe Ia compilation,
with similar conclusions drawn from the DESI+DESY3
(3⇥2pt) combination, though exhibiting a lower tension;
see Fig. 14 in [47].

Physically, a phantom equation-of-state (w(z) < �1)
translates into an energy density that increases with the
expansion (d⇢DE/da > 0), before reaching its maximum
(at zc ' 0.45, in our case), when the equation of state
crosses the phantom line (w(zc) = �1), and ⇢DE starts di-
luting again as the universe expands. The mean redshift
at which this transition occurs in the w0wa parameteri-
zation is indicated by a solid vertical line in Figure 2. We
should note at this stage that the exact redshift at which
this crossing happens depends on the dataset combina-
tion under consideration.

These results may naively suggest a “phantom cross-
ing” [94] at high redshifts. From a theoretical perspec-
tive, this so-called phantom crossing is challenging to ac-
commodate within standard scalar-field models of dark
energy that are minimally coupled to gravity, as these are
constrained to satisfy �1  w  1. In particular, within
general relativity, a single-field dark energy component
with w < �1 would necessarily violate the null energy
condition (NEC), given by ⇢c2 + P � 0 [95]. If con-
firmed, the phantom crossing would have profound im-
plications for fundamental physics, as it would indicate a
significantly more complex dark sector than traditionally
assumed. However, it is important to emphasize at this
stage that the w0-wa parametrization is particularly ef-
fective at capturing the impact of various, possibly more
fundamental, dark energy models on observables such as
distances and the expansion history within ⇠ 0.1% ac-
curacy [54] and may fail to accurately approximate the
true behavior of w(z) itself, potentially leading to a spu-
rious indication of phantom crossing. Thus, restricting
our analyses to models satisfying w > �1 might artifi-
cially bias our inference. For more discussion on phantom
crossing, see Section VI E.

Before extending our analysis beyond w0waCDM, we
introduce two key quantities that will be useful through-
out this work. Figure 3 presents the Om(z) diagnos-
tic [96] and the deceleration parameter q(z) for the
w0waCDM model, where

Om(z) ⌘
h2(z) � 1

(1 + z)3 � 1
, (9)

and the deceleration parameter is given by

q(z) ⌘ �
äa

ȧ2
=

d ln H

d ln(1 + z)
� 1 . (10)

These two functions constitute a sensitive probe of new
physics, as they are only sensitive to the ‘shape’ of the
(normalized) expansion history h(z) = H(z)/H0. Thus,
they are una↵ected by the degeneracies that may ex-
ist between the dark energy and matter densities at the

• Recent Dark Energy surveys are finding 
intriguing  deviations from a constant  
energy density. Preferred region seems to 
indicate a crossing of phantom divide, 
wDE(a) < �1

[DESY5, ’24, ’25; DESI, ’24, ’25]

• On the other hand, recently proposed quantum 
gravity constraints suggest de Sitter (constant 
dark energy) might be inconsistent with 
quantum gravity. [Danielsson, Van Riet ’18; Obied, Ooguri, Spodyneiko, Vafa 

’18; Garg, Krishnan ’18; Ooguri, Palti, Shiu, Vafa ’18]
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line represents ⇤CDM.
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• Recent Dark Energy surveys are finding 
intriguing  deviations from a constant  
energy density. Preferred region seems to 
indicate a crossing of phantom divide, 
wDE(a) < �1

[DESY5, ’24, ’25; DESI, ’24, ’25]

• On the other hand, recently proposed quantum 
gravity constraints suggest de Sitter (constant 
dark energy) might be inconsistent with 
quantum gravity. [Danielsson, Van Riet ’18; Obied, Ooguri, Spodyneiko, Vafa 

’18; Garg, Krishnan ’18; Ooguri, Palti, Shiu, Vafa ’18]

Theoretic and observational constraints suggest dynamical dark energy. 
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Dynamical Dark Energy: quintessence
•  String compactifications naturally contain many scalar fields: 

Quintessence emerges naturally in string-inspired settings.

• In string theory, dark energy (constant or dynamical) is related to 
the scalar potential of moduli fields arising form compactifying 
to 4D 

5

Figure 4: Potential for the Kähler moduli before and after uplift for the example in §5.1.

At the de Sitter point TdS in Kähler moduli space, the ↵0-corrected string-frame volume

is

V = V
(0) + �V↵03 + �VWSI = 614.834� 0.344� 0.579 = 613.911 , (5.14)

and the Einstein-frame volume is

VE = g
�3/2
s

V ⇡ 3.646⇥ 104 . (5.15)

The e↵ect of uplift on the potential for the Kähler moduli is shown in Figure 4.43

All scalar modes have positive masses in this vacuum: the lightest mode, a Kähler

modulus, has mass

mmin = 8.616HdS . (5.16)

where HdS is the Hubble scale,

HdS =
q

1
3VdS = 2.5⇥ 10�10

Mpl . (5.17)

The mass spectra of the Kähler moduli, bulk44 complex structure moduli, and axiodilaton

are shown in Figure 5.

43The existence of a de Sitter critical point in the AdS potential is surprising from the point of view of

the single-modulus toy example in [2]; nevertheless, it appears to be a generic feature of F-term potentials

at large h
1,1. Such features can be seen in a single-modulus toy example in which the nonperturbative

superpotential has two terms with opposite-sign coe�cients.
44The conifold modulus zcf is not shown, as it gets replaced by the redshifted tower of modes localized

near the infrared end of the throat, with masses of order the warped Kaluza-Klein scale mwKK in (B.18).

45

[Figure from 2406.13751 ]

(meta)Stable dS Runaway dS

Unstable dS 

adS 

๏ Runaway quintessence 
(saxions)

Can satisfy quantum gravity constraints

๏ Hilltop quintessence 
(axions, saxions ) 

String Theory and Dark Energy

✴ Runaway and hilltop potentials arise 
naturally from moduli dynamics (axions, 
saxions)


✴ These models can satisfy swampland 
constraints while remaining 
cosmologically viable.

[Battacharya, Borgetto, Malhotra, Parameswaran, Tasinato & IZ ’24;

[Alestas et al ’24; Akrami, Alestas, Nesseris, ’25; 


Dinda, Maartens; Chen, Zaldarriaga, '25]

[Ratra, Peebles, ’88;

Caldwell, Dave,Steinhardt, ’98]
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•  String compactifications naturally contain many scalar fields: 

Quintessence emerges naturally in string-inspired settings.

✴ Runaway and hilltop potentials arise 
naturally from moduli dynamics (axions, 
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Dinda, Maartens; Chen, Zaldarriaga, '25]

• We tested string motivated exponential and hilltop quintessence 
against recent data:

10

Cosmological Constraints 

low redshift, z & 0.1, beyond which it leads to a faster evolution of w(z).

AIC Axion Sugra Higgs DS ⇤CDM CPL Exp

CMB+DESI+Pantheon+ 12409.55 12409.40 12409.07 12408.9 12406.04 12401.70 12407.19

CMB+DESI+Union3 11030.07 11029.49 11030.38 11027.9 11028.69 11019.62 11029.00

CMB+DESI+DESY5 12644.67 12645.65 12644.89 12641.2 12649.01 12637.79 12644.73

Table 5. Comparison between the di↵erent models considered in this section.
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Figure 13. The quantities w�(z), and h(z) ⌘ H(z)/H0 are plotted for the best-fit hilltop models
as indicated, and compared to the DESI reconstruction (blue line) using CMB+DESI+Union3
data [65]. The CPL parameterisation matches the DESI reconstruction. The shaded regions
represent the 95% confidence regions. At z = 0, w0 = �0.65 for the reconstruction, while the
values for the hilltop models are as follows w0 = �0.77 for the axion model, w0 = �0.83, for
the saxion and w0 = �0.79 for the Higgs-like hilltop. For comparison, w

exp

0
= �0.89 for the

exponential model (see Figure 10 of [16]). For the DS parameterisation, the best-fit value is
w

DS

0
= �0.60. The best-fit parameter values for each model can be found in Appendix B.

5 Outlook and Future Challenges

Embedding models of dark energy in quantum gravity and string theory is a notoriously

di�cult task, given stringent theoretical constraints on model building associated with

quantum gravity conjectures. At the same time, recent and forthcoming cosmological

results are going to probe the behaviour of dark energy with an ever-increasing degree

of precision, o↵ering the concrete possibility to test our understanding of dark energy in

quantum gravity with cosmological data.

With the aim of exploiting such opportunities, in this work we considered a class of

dark energy models – hilltop quintessence – which is able to satisfy theoretical bounds

from de Sitter and other quantum gravity conjectures. We examined various realisations of

quintessence hilltops based on axions, their supersymmetric partners, and Higgs-like string

embeddings. Axion hilltops are widely considered and particularly well-motivated, as their

33

hilltop-like runaway

• CPL parameterisation remains the most favoured, irrespective 
of the dataset combination chosen.
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The Phantom-Crossing Problem
8
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FIG. 3. Evolution of the Om(z) diagnostic and decel-
eration parameter, q(z), as a function of redshift in the
w0waCDM model. The solid blue lines correspond to the
median, 68%, and 95% confidence levels obtained from the
DESI+CMB+Union3 combination. The black dashed line de-
picts the best-fit ⇤CDM for the same data combination. The
gray vertical line shows the redshift (zacc) corresponding to
the onset of cosmic acceleration (ä > 0).

background level [97–99]. Indeed, one can readily see
from Eq. (9) that the quantity Om(z) is strictly con-
stant and equal to present matter density (Om(z) ⌘ ⌦m)
if dark energy is in the form of a cosmological constant.
Thus, Om(z) serves as a null-test of ⇤CDM, and any
significant deviation from a constant value would indi-
cate dynamics in the dark energy density. The recon-
structed Om(z) in Figure 3 shows a clear (> 2�) devia-
tion from constancy in the range 0 . z . 0.5, where the
black dashed line represents the best-fit ⇤CDM value of
⌦m = 0.302. On the other hand, q(z) tracks the log-
arithmic derivative of h(z), rather than its shape, ap-
proaching a value of 0.5 during matter domination. The
reconstructed q(z) suggests that the Universe’s accelera-
tion (q < 0) began earlier in cosmic history (zacc ' 0.8)
than predicted by ⇤CDM (zacc ' 0.65) with a slowing
down of cosmic acceleration at recent times. These trends
in Om(z) and q(z) were previously observed with DESI
DR1 data and persist with slightly more statistical sig-
nificance in DESI DR2.

IV. PARAMETERIZING DARK ENERGY

To more closely explore the possible dynamical nature
of dark energy, we now turn to parameterizations of ei-
ther the equation of state w(z), or energy density ⇢DE(z).
Since di↵erent parameterizations can lead to di↵erences
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z
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w
(z
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DESI + CMB + Union3

CPL: w0 + wa(1 � a)

BA: w0 + wa
(1�a)

a2+(1�a)2

EXP: w0 � wa + wa exp (1 � a)

LOG: w0 � wa ln(a)

JBP: w0 + waa(1 � a)

FIG. 4. The dark energy equation of state w(z) for alterna-
tive w0wa parameterizations —BA, EXP, JBP, and LOG —is
illustrated alongside the standard CPL form (shown in blue).
The constraints integrate data from DESI, Union3 SNe, and
CMB observations, with shaded regions representing 1� un-
certainty bands. All parameterizations except JBP exhibit
consistent phantom crossing near z ⇠ 0.5 and provide a sim-
ilarly good fit to the data.

in the inferred evolution of dark energy, it is crucial to
explore multiple forms to assess the robustness of any
detected deviation from a cosmological constant. We ex-
amine various two-parameter functional forms as alterna-
tives to w0waCDM. In addition, we increase the degrees
of freedom available to w(z), to probe the trends present
in the data. While the parameterizations investigated
here are not necessarily tied to a specific physical model,
they cover distinct functional spaces, helping to ensure
the results are not driven by the choice of parametriza-
tion.

A. Alternative w(z) parameterizations

In this section, we explore four alternative parameter-
izations from the literature (see [100, 101] for the equiv-
alent DR1 results) that, like w0waCDM, introduce two
additional parameters: the present-day equation of state
w0 and an evolution parameter wa, but with di↵erent
functional forms.

Figure 4 presents constraints on these alternative
models as defined in Table II, i.e.: Barboza-Alcaniz
(BA) [102, 103], exponential (EXP3) [104, 105], logarith-
mic (LOG) [103] and Jassal-Bagla-Padmanabhan (JBP)
[106], alongside the Chevallier-Polarski-Linder (CPL) in
blue for comparison. The shaded bands, representing 1�
uncertainties, are derived from a combination of DESI,
CMB, and Union3. With the exception of JBP, all

3 In the numerical implementation we truncate at 3rd order in
Taylor expansion.

•  Minimally coupled quintessence cannot cross w=-1.


• Possible resolutions:


✴ Scalar-tensor theories 


✴ Coupled quintessence 

[Boisseau, Esposito-Farese, Polarski, Starobinsky, ’00] 

[Stefancic, '03; Huey, Wandelt, '04; Das, Corasantini, Khoury, ’05]

Arise naturally in string theory: scalar-tensor theories; D-brane disformal 
couplings; coupled moduli to towers of states… 

[Gasperini, Piazza, Veneziano, ’01; Koivisto, Wills, IZ, ’14; Agrawal, Obied, Vafa, ’19]

String-inspired models cosmologically viable.
[Smith et al., '24; Chakraborty, Chanda, Das, Dutta, '25; Khoury, Lin, Trodden, '25; Bedroya, Obied, Vafa, Wu, '25;  Wang, Cai, Guo, Wang, '25]
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•  String-inspired quintessence can partly reproduce dynamical 
evolution hinted by observations. Simple hilltop and runaway thawing 
models generally fit less well than CPL.


•  String-inspired coupled quintessence models can perform well.


•  This motivates a more data-driven and model-flexible approach.


• Interpretable Machine Learning: Symbolic Regression

Phenomenological Result

‣ Reconstruct equation of state 

‣ Reconstruct scalar potential  
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Exhaustive Symbolic Regression (ESR) is an algorithm that, 
given a set of operators, generates all possible functions up to a 
specified complexity.

Exhaustive Symbolic Regression (ESR) 

[Bartlett, Desmond, Ferreira, Sousa, '23-24] 

V = V0 e���

number of connected nodes 
in tree representation of 
mathematical expression

Complexity: 

[Petersen et al. '21] 
{⇥, /, exp, a0, a1, x}

÷

×

e

� �

V0

Complexity = 6
8
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2) Exhaustive Symbolic
Regression (ESR)

Generation CAMB Fitting

2) Exhaustive Symbolic
Regression (ESR)

Generation CAMB Fitting

2) Exhaustive Symbolic
Regression (ESR)

Generation CAMB Fitting

SPIDER 🕷 - Symbolic regression PIpeline for 
Dark Energy Reconstruction 🕸

CLASS
/

(ESR)

[Borghetto, Malhotra, Arora, De Felice, Mukohyama, Tasinato, IZ, '26]
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1. Choose a set of operators, e.g. , a variable,  
and free parameters, 


2. Fix the complexity, i.e. the number of operators allowed in each 
expression. 


3. Generate a library of unique functions, , composed of all 
(simplified) the possible combinations of the operators, variable 
and free parameters.


4. Use CAMB/CLASS with CMB, SN and DESI DR2 data as likelihoods.


5. Sort and rank functions by the total and compared against the 
benchmarks ΛCDM and CPL parametrisation.

<latexit sha1_base64="ul6i+kUTfM29FVe61SClkdlk7bs=">AAACB3icbVC7TsMwFHXKq5RXgBEJWa2QilpKwlAYK1gYi0QfUhNVjuu0Vh0nsh1EFHVjYecrWBhAiJVfYOvf4LYM0HIkW0fn3Kt77/EiRqWyrLGRWVpeWV3Lruc2Nre2d8zdvaYMY4FJA4csFG0PScIoJw1FFSPtSBAUeIy0vOHVxG/dESFpyG9VEhE3QH1OfYqR0lLXPITFUhmelKGjaEBkGZ5qSu4j/UvKj7tmwapYU8BFYv+QQi3vlJ7GtaTeNb+cXojjgHCFGZKyY1uRclMkFMWMjHJOLEmE8BD1SUdTjvRQN53eMYJHWulBPxT6cQWn6u+OFAVSJoGnKwOkBnLem4j/eZ1Y+RduSnkUK8LxbJAfM6hCOAkF9qggWLFEE4QF1btCPEACYaWjy+kQ7PmTF0nzrGJXK9UbncYlmCELDkAeFIENzkENXIM6aAAMHsAzeAVvxqPxYrwbH7PSjPHTsw/+wPj8BudtmS4=</latexit>

(+,�,⇥, /, exp, sin) <latexit sha1_base64="tY6NzCkS5nIynsUZk23b7D8p1yk=">AAAB6XicbZDLSgMxFIbP1Fsdb1WXboJFcFVmXKgbsejGZRV7gXYomTTThmYyIcmIZegbuHGhiNs+jHs34tuYXhba+kPg4//PIeecUHKmjed9O7ml5ZXVtfy6u7G5tb1T2N2r6SRVhFZJwhPVCLGmnAlaNcxw2pCK4jjktB72r8d5/YEqzRJxbwaSBjHuChYxgo217tBju1D0St5EaBH8GRQvP9wLOfpyK+3CZ6uTkDSmwhCOtW76njRBhpVhhNOh20o1lZj0cZc2LQocUx1kk0mH6Mg6HRQlyj5h0MT93ZHhWOtBHNrKGJuens/G5n9ZMzXReZAxIVNDBZl+FKUcmQSN10YdpigxfGABE8XsrIj0sMLE2OO49gj+/MqLUDsp+ael01uvWL6CqfJwAIdwDD6cQRluoAJVIBDBE7zAq9N3np03531amnNmPfvwR87oB57lkG4=</latexit>x
<latexit sha1_base64="cNDmNvPMU4fx/OmBwGKtbzKhuDQ=">AAAB63icbVC7SgNBFL0bXzG+ooKNzWAQrMKuRbQMsbFMwDwgWcLsZDYZMjO7zMwKYckv2FgoYmvpX/gFdjZ+i7NJCk08cOFwzr3ce08Qc6aN6345ubX1jc2t/HZhZ3dv/6B4eNTSUaIIbZKIR6oTYE05k7RpmOG0EyuKRcBpOxjfZH77nirNInlnJjH1BR5KFjKCTSYh3Gf9YsktuzOgVeItSKl60vhm77WPer/42RtEJBFUGsKx1l3PjY2fYmUY4XRa6CWaxpiM8ZB2LZVYUO2ns1un6NwqAxRGypY0aKb+nkix0HoiAtspsBnpZS8T//O6iQmv/ZTJODFUkvmiMOHIRCh7HA2YosTwiSWYKGZvRWSEFSbGxlOwIXjLL6+S1mXZq5QrDZtGDebIwymcwQV4cAVVuIU6NIHACB7gCZ4d4Tw6L87rvDXnLGaO4Q+ctx91iJGT</latexit>ai

<latexit sha1_base64="wrhylPFXTw8Bg74LatDynS7kU5o=">AAAB8XicbVDLTgJBEOzFF+IL9ehlAjHBaMguB/RI9OIRE3lE2JDZYRYmzM5uZmaNmw1/wcWDxnj1b7zxNw6Pg4KVdFKp6k53lxdxprRtT63MxubW9k52N7e3f3B4lD8+aaowloQ2SMhD2fawopwJ2tBMc9qOJMWBx2nLG93N/NYzlYqF4lEnEXUDPBDMZwRrIz0hv/RyhXCPXfTyRbtsz4HWibMkxVqhezmZ1pJ6L//d7YckDqjQhGOlOo4daTfFUjPC6TjXjRWNMBnhAe0YKnBAlZvOLx6jc6P0kR9KU0Kjufp7IsWBUkngmc4A66Fa9Wbif14n1v6NmzIRxZoKsljkxxzpEM3eR30mKdE8MQQTycytiAyxxESbkHImBGf15XXSrJSdarn6YNK4hQWycAYFKIED11CDe6hDAwgImMAbvFvKerU+rM9Fa8ZazpzCH1hfP9gZkrg=</latexit>

f(x, ai)
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Equation of state reconstruction: VCDM

๏ We use SPIDER to reconstruct the equation of state


๏ We do this in a minimally modified gravity model, know as 
VCDM:


๏ Given the eos, the function V can be found from the theory.

[De Felice, Doll, Mukohyama,’20]

In VCDM, the cosmological constant Λ in the standard ΛCDM 
model is generalised to a function 𝑉(𝜙), where 𝜙 is a non-dynamical 
auxiliary field. 

[Borghetto, Malhotra, Arora, De Felice, Mukohyama, Tasinato, IZ, '26]

w(a)
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Results: VCDM 
4.1 The SPIDER pipeline

To apply symbolic regression to cosmological dark-energy reconstruction we have developed
the framework Spider (Symbolic regression PIpeline for Dark Energy Reconstruction). The
philosophy of the pipeline is illustrated schematically in Fig. 2. The procedure consists of three
conceptually distinct stages.

Cosmological data
CMB + BAO + SN

Bayesian spline
reconstruction of w(a)

Qualitative information
smooth, monotonic,

low-complexity evolution

Operator basis
{+,≠,◊, /,

Ô
, pow, exp}

complexity cl = 4

ESR generation
candidate analytic
functions w(a; ci)

VCDM + CLASS

background and
perturbations

Cobaya fitting
‰

2
min and

posterior constraints

Model selection
rank candidates

compare with CPL,
�CDM

SPIDER

Figure 2: Schematic structure of Spider (Symbolic regression PIpeline for Dark Energy
Reconstruction). The Bayesian spline reconstruction first identifies the qualitative behaviour of w(a)
preferred by current data. This information motivates a low-complexity symbolic-regression search. Can-
didate functions are then evolved through the full VCDM Boltzmann pipeline and ranked according to
their cosmological performance.

First, the Bayesian spline reconstruction identifies the qualitative properties preferred by
the data. Second, ESR systematically generates a library of candidate expressions for a given
level of complexity, constructed from a predefined set of mathematical operators which are
chosen based on the results of the first step. Third, every candidate expression is propagated
through the full cosmological pipeline instead of directly fitting reconstructed values of w(a).
The corresponding background evolution and linear perturbations are evolved using the modified
VCDM implementation of CLASS, and the resulting cosmological observables are compared with
data through a standard likelihood analysis. This final step also allows for a direct comparison
with standard dark-energy parameterizations on exactly the same statistical footing.

The technical implementation of the pipeline, including the operator basis, complexity choice,
cosmological evolution strategy, optimisation procedure, and ranking criteria, is described in
Appendix A.

10

1. Spline reconstruction of w(a)

The Bayesian evidence rewards goodness of fit while penalizing unnecessary parameter volume,
providing a mathematical implementation of the principle of Occam’s razor [59]. Model compar-
ison is performed through di�erences in the log-evidence, � logZ12 © logZ1≠ logZ2. Typically,
di�erences |� logZ12| < 1 are considered to be inconclusive while |� logZ12| > 5 is considered
to provide decisive evidence in favour of the model with the larger logZ value [59].
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Figure 1: Spline reconstruction of w(a) using CMB+BAO+SN, shown as the median (solid line) and
68% and 95% credible intervals. The reconstruction is marginalised over splines with 2, 3, and 4 nodes,
using the respective Bayesian evidences as weights for the marginalisation . The reconstructed evolution
is consistent with smooth and mildly phantom behaviour at low redshift.

Results. For each spline model we combine CMB+BAO with the individual supernova datasets
and perform nested sampling using PolyChord [60, 61]. The posterior samples are used to re-
construct the functional posterior for w(a), margnalised over the spline models with di�erent
number of nodes.

The results are shown in Fig. 1. A common qualitative behaviour emerges across all dataset
combinations. The reconstructed equation of state remains close to w ƒ ≠1 today, while be-
coming more negative at earlier times and crossing into the phantom regime within the observed
redshift range. An important result is that the preferred evolution appears remarkably smooth
and monotonic.5 Although additional spline nodes allow increasingly complicated functional
behaviour, the Bayesian evidence does not favour highly structured reconstructions (see ta-
ble 1). In particular, the four-node spline is consistently disfavoured relative to the simpler
two- and three-node cases. Current data therefore do not support rapidly oscillating or strongly
non-monotonic dark-energy histories.

5The preference for such behaviour is not novel, see e.g. [16, 17, 24]. The main di�erence from these works is
that here the reconstructions are performed under the VCDM framework as opposed to GR.
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Marginalised spline reconstruction with 2, 3, and 4 nodes:smooth phantom behaviour 
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Results: VCDM 

Human found (CPL, BA, JBP, EXP, LOG): two 
parameter parametrisations

{+,�,⇥, /,p, power, exp}

Complexity: 4

Performance: 
close or better than  
CPL

drawback of F83 is that the resulting cosmological evolution is less amenable to analytic treat-
ment. For this reason, in what comes next we shall explore its phenomenological consequences
primarily through numerical analysis.
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JBP: w = w0 + wa a (1 � a), �2 = 1041.1
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F79: w = w0 + a2, �2 = 1044.0

F83: w = w0e�a, �2 = 1040.3

�CDM: �2 = 1053.2

Figure 3: Evolution of the equation of state w(z) and of the normalized expansion rate h(z)/h�CDM(z),
where h(z) © H(z)/H0, for the best-performing symbolic-regression candidates and for several standard
dark-energy parametrizations, using the CMB+DESI+Union3 dataset combination. The shaded regions
indicate the 95% confidence interval of the CPL reconstruction.

4.3 Bayesian model comparison

We now perform a full Bayesian model comparison using the Bayesian evidence, comparing
the performance of the one-parameter symbolic regression functions against the standard two-
parameter models.7 The two parameter models that we compare against are the CPL, BA,
JBP, EXP, and LOG parametrizations. The relative performance is quantified by the log-Bayes
factor:

log BM,SR = logZM ≠ logZSR (4.4)

A negative value indicates a preference for the SR parametrization, whereas a positive value
favours the competing model M (see the discussion in section 3 for more details).

The results8 are shown in Table 2, and lead to the following conclusions. Firstly, all dynam-
ical dark-energy models provide a substantially better fit to the data than �CDM, reducing the

7The Bayesian evidence depends on the chosen priors, thus care must be taken when comparing models with
di�erent parameter spaces. The standard cosmological parameters are assigned identical priors in all analyses. In
the dark-energy sector we adopt w0 ≥ U [≠3, 1] for the present-day equation of state and wa ≥ U [≠3, 2] for the
additional evolution parameter appearing in two-parameter models. The SR parametrization instead contains a
single parameter w0, equivalent to w0 and shares the same w0 ≥ U [≠3, 1] prior as the other parametrizations.

8Parameter posteriors for the two symbolic-regression candidates are reported in Appendix B.
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dark-energy parametrizations, using the CMB+DESI+Union3 dataset combination. The shaded regions
indicate the 95% confidence interval of the CPL reconstruction.

4.3 Bayesian model comparison

We now perform a full Bayesian model comparison using the Bayesian evidence, comparing
the performance of the one-parameter symbolic regression functions against the standard two-
parameter models.7 The two parameter models that we compare against are the CPL, BA,
JBP, EXP, and LOG parametrizations. The relative performance is quantified by the log-Bayes
factor:

log BM,SR = logZM ≠ logZSR (4.4)

A negative value indicates a preference for the SR parametrization, whereas a positive value
favours the competing model M (see the discussion in section 3 for more details).

The results8 are shown in Table 2, and lead to the following conclusions. Firstly, all dynam-
ical dark-energy models provide a substantially better fit to the data than �CDM, reducing the

7The Bayesian evidence depends on the chosen priors, thus care must be taken when comparing models with
di�erent parameter spaces. The standard cosmological parameters are assigned identical priors in all analyses. In
the dark-energy sector we adopt w0 ≥ U [≠3, 1] for the present-day equation of state and wa ≥ U [≠3, 2] for the
additional evolution parameter appearing in two-parameter models. The SR parametrization instead contains a
single parameter w0, equivalent to w0 and shares the same w0 ≥ U [≠3, 1] prior as the other parametrizations.

8Parameter posteriors for the two symbolic-regression candidates are reported in Appendix B.
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Results: VCDM 

Human found (CPL, BA, JBP, EXP, LOG): two 
parameter parametrisations

drawback of F83 is that the resulting cosmological evolution is less amenable to analytic treat-
ment. For this reason, in what comes next we shall explore its phenomenological consequences
primarily through numerical analysis.
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indicate the 95% confidence interval of the CPL reconstruction.

4.3 Bayesian model comparison

We now perform a full Bayesian model comparison using the Bayesian evidence, comparing
the performance of the one-parameter symbolic regression functions against the standard two-
parameter models.7 The two parameter models that we compare against are the CPL, BA,
JBP, EXP, and LOG parametrizations. The relative performance is quantified by the log-Bayes
factor:

log BM,SR = logZM ≠ logZSR (4.4)

A negative value indicates a preference for the SR parametrization, whereas a positive value
favours the competing model M (see the discussion in section 3 for more details).

The results8 are shown in Table 2, and lead to the following conclusions. Firstly, all dynam-
ical dark-energy models provide a substantially better fit to the data than �CDM, reducing the

7The Bayesian evidence depends on the chosen priors, thus care must be taken when comparing models with
di�erent parameter spaces. The standard cosmological parameters are assigned identical priors in all analyses. In
the dark-energy sector we adopt w0 ≥ U [≠3, 1] for the present-day equation of state and wa ≥ U [≠3, 2] for the
additional evolution parameter appearing in two-parameter models. The SR parametrization instead contains a
single parameter w0, equivalent to w0 and shares the same w0 ≥ U [≠3, 1] prior as the other parametrizations.

8Parameter posteriors for the two symbolic-regression candidates are reported in Appendix B.
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dark-energy parametrizations, using the CMB+DESI+Union3 dataset combination. The shaded regions
indicate the 95% confidence interval of the CPL reconstruction.

4.3 Bayesian model comparison

We now perform a full Bayesian model comparison using the Bayesian evidence, comparing
the performance of the one-parameter symbolic regression functions against the standard two-
parameter models.7 The two parameter models that we compare against are the CPL, BA,
JBP, EXP, and LOG parametrizations. The relative performance is quantified by the log-Bayes
factor:

log BM,SR = logZM ≠ logZSR (4.4)

A negative value indicates a preference for the SR parametrization, whereas a positive value
favours the competing model M (see the discussion in section 3 for more details).

The results8 are shown in Table 2, and lead to the following conclusions. Firstly, all dynam-
ical dark-energy models provide a substantially better fit to the data than �CDM, reducing the

7The Bayesian evidence depends on the chosen priors, thus care must be taken when comparing models with
di�erent parameter spaces. The standard cosmological parameters are assigned identical priors in all analyses. In
the dark-energy sector we adopt w0 ≥ U [≠3, 1] for the present-day equation of state and wa ≥ U [≠3, 2] for the
additional evolution parameter appearing in two-parameter models. The SR parametrization instead contains a
single parameter w0, equivalent to w0 and shares the same w0 ≥ U [≠3, 1] prior as the other parametrizations.

8Parameter posteriors for the two symbolic-regression candidates are reported in Appendix B.
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ML found (F24, F42, F79, F83):  one parameter 
parametrisations. F42 (SR): allows analytic treatment

{+,�,⇥, /,p, power, exp}

Complexity: 4
Operators:

Model NDE ‰2 �‰2
M≠SR log Z log BM,SR

�CDM - 1053.2 13.5 ≠543.56± 0.34 -4.64
CPL 2 1039.2 -0.5 ≠540.58± 0.35 -1.52
BA 2 1039.7 -0.0 ≠541.55± 0.34 -2.64
JBP 2 1041.1 1.4 ≠540.97± 0.29 -2.06
EXP 2 1039.9 0.2 ≠541.02± 0.36 -2.11
LOG 2 1039.5 -0.2 ≠541.08± 0.35 -2.17
SR 1 1039.7 0 ≠538.91± 0.29 0
F83 1 1040.3 0.6 ≠538.74± 0.32 0.17

Table 2: Bayesian comparison between the symbolic-regression (SR) parametrization and standard
dynamical dark-energy models using the combined CMB+BAO+SN dataset. NDE denotes the number
of dark-energy parameters, �‰

2
M≠SR © ‰

2
M ≠ ‰

2
SR, and log BM,SR = logZM ≠ logZSR. Negative values

of log BM,SR favour the SR parametrization.

minimum ‰
2 by approximately thirteen units. More importantly, the SR and F83 parametriza-

tions yield the largest Bayesian evidence among all dynamical dark-energy models considered
here. The Bayes factors relative to CPL, BA, JBP, EXP and LOG lie in the range

1 . � logZ . 3, (4.5)

corresponding to mild-to-moderate evidence in favour of the symbolic-regression model according
to standard Je�reys-scale interpretations. The preference is stronger relative to �CDM, for
which � logZ ƒ 4.6.

The fact that compact parametrizations such as Eqs. (4.1) and (4.2) emerge from a search
over a large space of analytic functions is particularly intriguing. These functions were neither
postulated on theoretical grounds, nor engineered to possess specific cosmological properties:
they emerged directly from current data through the combination of Bayesian spline reconstruc-
tion and symbolic regression. Although the ESR search was restricted to complexity cl = 4,
all standard parametrizations (characterised by higher complexity) were also included in the
comparison set, and the Bayesian evidence shows a preference for both SR parametrizations.
From this perspective, Eqs. (4.1) and (4.2) can be interpreted as minimal e�ective descriptions
of the dynamical dark-energy behaviour preferred by current observations. Eq. (4.1) o�ers the
additional advantage of being analytically tractable, as we discuss next in Section 5. Symbolic
regression thus acts as a bridge between non-parametric reconstruction and theoretical model
building, identifying a simple e�ective description directly suggested by the data.

5 Consequences of the SR parametrization
We now investigate the physical and cosmological implications of the SR parametrization,

wSR(a) = w0
Ô

a
, (5.1)

in more detail. The model contains only one free parameter w0, so unlike CPL and related
parametrizations, the present-day value and time evolution of the equation of state are not
independent. It also does not continuously reduce to �CDM in any region of parameter space.

This enhanced predictivity is the consequence of the low-complexity structure selected by

13

wSR(a) =
w0p
a
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Coupled Quintessence Reconstruction
[WIP w/Borghetto, Malhotra, Maharana, Quevedo, Tasinato, Villa]

๏ We explore phantom crossing modelling generic coupled 
quintessence via a time dependent potential: V (�, a)

Reconstruct 

Ve↵(�, a) = V1(�) +
⇢0
m
a3 (F (�, a)� 1)

Ve↵(�, a) = V0 e��� + ⇢0
m
a3 [f(�)� 1]

Ve↵(�, a) = V0 e��� + ⇢0
m
a3

h
f(�)
an � 1

i f(�)• 
• optimise n 

we↵(t) =

�̇
2

2
�V (�,t)�

1

3H

@V

@t

�̇
2

2
+V (�,t)

.DE eos:



V
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Time dependent potential

{+,�,⇥, /, power, exp, square, sin}

• Complexity: 5

• Operators:


• Performance: 

closer to CPL than

quintessence models

we↵ CMB+DESI+Union3

Potential: Ve↵(�, a) = V0 e��� + ⇢0
m
a3 [f(�)� 1]

we↵(t) =

�̇
2

2
�V (�,t)�

1

3H

@V

@t

�̇
2

2
+V (�,t)

.

PRELIMINARY RESULTS

(2�)|a0| ,
�2|a0| ,
sin(�)|a0|

ea0� ,
a0 � sin(�)



• SR provides an interpretable, model-flexible approach to reconstruct 
dark energy directly from data. Use cosmological data to guide theory 
construction.


• Machine learning acts as an interpretable bridge between data and 
UV-inspired models. 


• Connect ML-reconstructed potentials to microscopic string models: p-
forms, axions, moduli couplings.


• The objective is not merely fitting data, but identifying physically 
meaningful structures.

Conclusions



•  Future DESI, Euclid, and Rubin data will sharpen the evidence for 
dynamical dark energy.


•  Interpretable ML may help identify robust theoretical structures 
behind observational trends. 

Outlook
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SR discovers interpretable analytic expressions that best fit a 
dataset, balancing accuracy and simplicity.


PySR uses a multi-population evolutionary algorithm: 


•  Generate: random population of expressions


•  Evolve: mutate and crossover the fittest 


•  Select: keep best by accuracy + simplicity


•  Stop: at threshold accuracy, time limit, etc

Symbolic Regression (PySR) 

The best equation is the simplest one that fits the data well


