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Modified Teleparallel Gravity

* What modifications of GR/TEGR are physically meaningful?
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* Take the following
- f(T) gravity: S = ﬁf d*x e[-T + f(T)] + Spat

- f(T,B) gravity: S = ﬁf d*x e[—T + f(T,B)] + Spat

T = 6H*
B =6(3H?+H)
Flat FLRW Cosmology =-T+B = 6(2H2 + H)




Galactic Scale Physics

Can cosmologically motivated models produce new galactic physics?

Dick - Disk surface brightness distribution

IS —

(Spiral Arms) Z(R) = Xye R/Ba

where X, is the central surface brightness and 3, is the disk scale
length

- Bulge surface brightness spherical distribution (de Vaucouleurs)
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Galactic

cale Physics

f(T) = aT™

Milky Way Rotation Curve
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How do these theories beyond general
relativity fare in cosmology?



Local Expansion Data

Cosmic Chronometers (CC): Spectroscopic dating and independent of cosmological
models (z ~ 2)

Type la supernovae (SN): Pantheon+ Sample - 1701 light curves of 1550 Type la
supernovae

Baryonic Acoustic Oscillations (BAO): 2D data from SDSS for z < 2.4




Hy Priors

Planck Collaboration (18): ACDM Model dependent — H{ 18 = 67.4 + 0.5 km s~ *Mpc ™!

SHOES Survey [H{]: Based on geometry and Cepheid variables —» HY = 74.03 +
1.42 km s tMpc™?

Tip of the Red Giant Branch [TRGB]: Freedman et al. (2019) reports H(TRGB = 69.8 +
1.9 km s *Mpc1

HOlicow [HW]: Based on strong lensing —» Hy'W = 73.3 + 1.8 km s 'Mpc~?!




ACDM Cosmology
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ACDM Constraints

Data Sets Ho (km/s/Mpc) 0 X2 AIC BIC

CC+ SN 68.7+ 1.8 0.30610057 1041.49 1047.49 1062.44
CC + SN +R19 71.3%13 0.2901 0 a0 1046.32 1052.32 1067.27
CC + SN + HW 71.0 £ 1.3 0.2917+0-020 1044.99 1050.99 1065.94
CC + SN + TRGB 69.2+ 1.4 0.303 10021 1041.69 1047.69 1062.64
CC + SN + BAO 67.63 =+ 0.90 0.297 +0.013 1057.46 106346 1078.45
CC + SN + BAO + R19 68.8110-52 0.300 +0.013 1068.30 1074.30 1089.30
CC + SN + BAO + HW 68.70 £ 0.83 0.300F0-013 1066.03 1072.03 1087.03
CC + SN + BAO + TRGB 67.98T 070 0.298 + 0.013 1058.56 1064.56 1079.56

ACDM EurPhys.J.Plus 137 (2022) 5, 532
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f(T) Cosmological Models

f(T) models:
1. Power-law: f;(T) = a(T)": 1
2. Linder: f5(T) = a,T, (1 — e‘bZVT/TO) " bs
3. Exponential: f3(T) = a3To(1 — e~b37/To)
1 1
a = (6[‘15) & Zp _MlO
. 1 . QM,O
o 1 %2 = 1—(1—p)eP
o by v = 1-=0p0
37 1—(1-2p)eP
Eur.Phys.J.Plus 137 (2022) 5, 532
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f1CDM Posteriors
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Power-law: f; (T) = a;(T)"

f1CDM Constraints

~

Data Sets Hplkm/s/Mpc] 2,0 by M Xinin AIC BIC AAIC  ABIC
CC+ SN 68.5 £ 1.8 03507008 —022704 1930070033 104094 104894  1068.88 145  6.43
CC + SN +R19 71315 03261008 —0.137030  —1931470030 104583 105383 107377 151 650
CC + SN + HW 71.0 £ 1.3 03207008 —0.1670q,  —19.324T003% 104450 105250 107244 151 6.50
CC + SN + TRGB 69.1113 03447008 —0207093  —19.375+0.040 104155 1049.55 106949 187  6.85
CC + SN +BAO 67.1 £ 1.6 0.204£0.015 0064013 —19.435£0.047 1057.13  1065.13 1085.13 168  6.68
CC+SN+BAO+RI9 699412 0.305001%  —0.147013  —19.35970037  1066.87 107487 109487 056  5.56
CC+SN+BAO+HW 697+ 12 030410014 0 12t012 1936670032 106492 107292 108692 0.89  5.89
CC +SN +BAO + TRGB  68.1 £ 1.2 0.208+£0.014 —0.015)1)  —19.407£0.036 1058.56 106656 1086.56 2.00  7.00
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f2CDM Posteriors

---CC + SN + BAO
—CC+ SN +BAO +R19
~-CC + SN + BAO + HW
-—CC + SN + BAO + TRGB

Linder:f5(T) = a,Ty (1 — e P2vT/To
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Linder:f5(T) = a,Ty (1 — e P2vT/To

f>CDM Constraints

2

Data Sets Holkm/s/Mpc] Q2.0 by M Ximin AIC BIC AAIC  ABIC
CC+SN 68.7F1 5 0208F003L 010170538 19431027 104149 104949 1069.43 200  6.98
CC + SN +RI9 714+ 1.3 02837007 0.0887022  —19.287020 104632 105432 107425 200  6.99
CC + SN + HW 71.0713 0.285F0030 009670557 —19.37703) 104499 105299 107293 200  6.99
CC + SN + TRGB 69.2+ 1.3 02960038 0.08870530  —19367035 104169  1049.69  1069.62 200  6.99
CC + SN + BAO 66.97] 0294£0.016 022301F 193870327 105652 106462 108452 106  6.06
CC+SN+BAO+RI9  68.711)58 0.300£0.014  0.0797007%  —19.351037 106831 107631 109631 2.00  7.00
CC+SN+BAO+HW  68.5870-5) 030070013 0.076700%  —19.389T00°3  1066.03  1074.03 109403  2.00  7.00
CC + SN +BAO + TRGB ~ 67.7 4 1.0 0.297+£0.014 012870000 —1946703. 105847 106647 108647 190  6.90
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f3CDM Posteriors

Exponential: f2(T) = a3Ty(1 — e~?3T/To

--CC + SN + BAO
—CC + SN + BAO + R19

CC+ SN + BAO + HW
---CC 4+ SN 4+ BAO 4+ TRGB

---CC + SN
—CC +SN +R19
CC 4+ SN + HW

-—CC + SN 4+ TRGB

Q m.0

Qm.O

5 9
RO RN

“ Q
> &

Hy [kms~! Mpc™]

e Q ), <
F R L D L

Hp [kms™! Mpc™]

> N}

f f3 CDM EurPhys.J.Plus 137 (2022) 5,532 | i said SEENET-MTP 2025 - 15 of 62




f3CDM Constraints

Exponential: f5(T) = “3To(1 _ e—bgT/To)

A

Data Sets Hylkm/s/Mpc] 2,0 % M Xmin AIC BIC AAIC  ABIC
CC+SN 69.67 15 02867005 0.067T001  —19.367T0027  1045.04 105304 107297 555  10.53
CC + SN +R19 72,071 0273£0.020 0.042700%)  —19.3027003)  1048.16  1056.16 1076.10 3.84  8.82
CC + SN + HW 715+ 1.4 0275700k 0.07070012 _19317F008  1047.06 105507 1075.01 408  9.06
CC + SN + TRGB 69.7+1-3 02851003 0.04870037  —19.366+0.040 104504 1053.04 107298 536  10.34
CC + SN + BAO 67.35+ 00 0.289£0.013  0.04370(00  —19.44170037  1060.55 106855 1088.55 509  10.09
CC+SN+BAO+RI9  68.7010:3% 0.203 0013 0591006 1939710029 07171 107971 1099.71 541 1041
0.85 0.012 0.047 0.028
CC+SN+BAO+HW  68.52F0-% 0290570010 0.0347005)  —19.40170055  1069.03  1077.03  1097.03 499 9.10
CC+SN+BAO+TRGB  67.79+£0.85  0.202F0012  0.074F503]) —19.425T0037  1061.78  1069.78 1089.78 521  10.21
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(T) Cosmology Comparison

f(T) models:

1.
2.

3.

Power-law: f;(T) = a4(T)P1

Linder: £, (T) = a,T, (1 _ e—bz,/T/TO)

Exponential: f5(T) = a3Ty(1 — e~ 237/To)
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Scalar Perturbations

* f(T) gravity leaves imprints at the perturbative level
e®, =61+ y),e', =8a(l —¢) = ds*=(1+2¢)dt? —a?(1 — 2¢)6;;dx'dx’

. . : o)
 Matter perturbation evolution equation (5m = —ppm):
m
6m + 2H5m + 47TGeffpm5m = 0
0.8
GN SDSS MGS
where G.¢ = o
© ff 1 +fT FastSound
0.6 - SDSS LRG
* Using the structure function and mass fluctuation metrics |, |y [ 55 (V0
dIné(2) 5(z) | H/
Z) = OalZ) = Oqnp— | **]
f( ) dlna 8( ) 8,0 50 , fors ’GAMA o
We can define the growth rath measure fag(z) . -
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6

arXiv:2310.09159
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Gerr Constraints

; "x+(;'(;‘l+ HE  _ I_ 5\+(<<;‘I+ KVNO + ;J({“ _ b I ;xf(‘('+ .inf." - - :‘a‘,\'f(‘(‘jtII(\'X()fH,f"‘(xltl"'
| fi(T) = ay (T) |
*{ fz (T) = CZZTO (1 - e_bz \ T/TO) li 0k = = = = = = = = = = = = =@ = = = = =
————— T) = a3T,(1 — e P3T/To
. —_— H.\+(‘(‘—H,, — — SN+ CC + KVNO + Hj (x107) f3( ) 3 O( ) Aa/a data
 Keck Observatory (K) and Very Large Telescope [VLT] (V):
o Measuring quasar absorption lines
SR e 21 New Measurements (N): Collected in arXiv:1709.02923
e (Qklo nuclear reactor (O)




ACDM Growth
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f1CDM Growth Constraints

Qm.()

------ CC + BAO
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1CDM Growth Constraints

b, 78,0

M

Data sets Hy [km s~ Mpc™?]
CC + BAO 68.1°17
CC + BAO + RSD 69.17 + 0.81
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f>CDM Growth Posteriors

AR fo(T) = a;Ty (1 — e P2V T/To
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»CDM Growth Constraints

Data Sets Hy [kms~! Mpe™] Qo 1/b, 08,0 M

CC + BAO 6oz osmiTE 000lm -

CC + BAO + RSD o5t oaselt  osl  omigms o
PN* & SHOES + RSD 73.24+ 1.0 0.287 £0.013 0.359700%  0.77010 05 —19.267053

CC + PN+ & SHOES + BAO 69.35+01

+0.017 +0.080
0.299 9021 0167 g5 -

0.21
—19.407 ¢

CC + PN' & SHOES + BAO + RSD 69.3810-67 0.282£0.011 0.275 5088  0.793 +£0.035 —19.3710%;
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f3CDM Growth Constraints

f3(T) = asTo(1 — e P=T/To
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f3CDM Growth Constraints

Data Sets Hp [km s~ Mpc™!] Q.o 1/bs 80 M
CC + BAO 67.5157 0.311500%  0.05810 05 - -
CC + BAO + RSD 68.67 13 0.276 70016 0.02670250  0.79875:020 -
PN™ & SHOES + RSD 73.2+10 0.2807001s  0.232700%7  0.793T00%  —19.25+0.11
Tibs +o0 +0:038 0039 +0.24
CC + PN & SHOES + BAO 69.347060 0.30010016  0.16010 45 - —19.341031
CC + PNT & SHOES + BAO + RSD 69.54 1054 0.282£0.012  0.19770035  0.807 £0.032  —19.3875%)
P e
Data Sets Ss.0 i
— RSD 0.744750%¢
---CC + BAO + RSD 0.76275 02
------ PN* & SHOES + RSD 0.765" 0 025 ™y
0.782 4+ 0.043 "
&7
& ' N 3 o %
& P NN N
1/bs
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f3CDM Growth Constraints

—e— RSD 8
+— CC+BAO+RSD

PN * & SHOES + RSD

P18
s8,0

CC+PN* &SHOES + BAO + RSD SKibs

f(T) models:
1.  Power-law: f;(T) = a4 (T)"

2. Linder: f,(T) = a,T, (1 — e—bz\/T/To)

3. Exponential: f5(T) = a3T0(1 — e_b3T/T°)
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s there a model independent way of
performing background analyses?



What about Gaussian Processes?

Definition: A GP is a stochastic (random) process where any finite subset is a
multivariant Gaussian distribution with mean u(x) and covariance k(x, x")

Setting the each u(x) to zero, the covariance function can be used to learn

the behavior that produced the data points




(Gaussian Processes Regression

The covariance function contains non-physical hyperparameters 6
which define the distribution k(8, x, x")

lterating over these values using Bayesian inference (or others) can
produce better hyperparameters

The result is a (physics) model independent reconstruction of the
behavior of some parameter

This is superior to regular fitting because it is nonparametric and so
assumes no physical model whatsoever



The Covariance Functions

* Squared Exponential (Gaussian)  Matérn

— ! 2 k , /
k(x,x’)zngEXp[_1<x x>] (x,x")

V3x — x' V3|x — x’
2\ I =af2<1+ Il AT Il |
f f
* Cauchy
o7l  Rational quadratic
ex) =1 f’)g + 17 (x =2
e ! k(x,x") = O'fz 1+ >
Zalf




Hy Priors

Planck Collaboration (18): ACDM Model dependent - H, = 67.4 + 0.5 km s™tMpc~?

SHOES Survey [H{ 1 Riess et al. (2019) calibrated with Cepheid variables - H; = 74.03 +
1.42 km s~ *Mpc~!

Tip of the Red Giant Branch [TRGB]: Freedman et al. (2019) reports H, = 69.8 +
1.9 km s~ *Mpct

HOlicow [HW]: Based on strong lensing > H, = 73.3 + 1.8 km s *Mpc~1

Distance (in o units) between the H, arguments: d(Ho,, Ho,j) =




Hubble Data (H(z
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Square Exponential HO GP

GaPP code from
Seikel et al. (2012)

WO 5 O™ G Hze ~aeomll Hy = 67.539 + 4.772km s~ *Mpc~?
= = Ho = 66.001 + 1.653km s “IMpc?
g H, = 73.782 + 1.374km s IMpc™1
g Hy, = 72.022 + 1.076km s~ *Mpc~1
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Cauchy H, GP

H(Z)CC ' :It H(Z)SNl % H(z)t;AO .'...- ACDM HO —= 69.396 i 5.186km S_lMpC_l sl H(z)ccI 3 H(Z)SNI 3 H(Z)B'AO .I“- ACDM
250 F _ _ HR 4]
= 67.082 + 1.682km s~ *Mpc~? ° 7y
200 200 :
! Hy = 73.802 + 1.376km s~ *Mpc~1[¢ ™
: H, = 72.056 + 1.083km s~*Mpc~1 ¢
100 100
E—ﬂgﬁ"* e - - CC+H}
sob L) [ 4 | L e CC + SN o) 0 N I CC + SN + Hf J
- CC + SN + BAO —— CC + SN + BAO + H}
0.0 0..5 1:0 1?5 2?0 ofo Of5 er lf5 2r0
Z z
” = 69.695 + 1.760km s~ *Mpc~? HRT @Y § HEW -+ ACOM
_ _ 250 f HIRGE 4
= 68.508 + 1.233km s !Mpc~?
200 200+
I;E: 150 I'é 1501
3 H, = 73.003 + 1.667km s 'Mpc 1|2
100 B - 100 !
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Square Exponential Covariance for Hy

Data set(s) d(Hy, HY) d(Hy, H3RGB) d(Ho, Hy'W)  d(Hy, HE'ank18)
cC 67.539 + 4.772 -1.304 -0.441 -1.133 0.029
CC+SN 67.001 + 1.653 -3.225 -1.118 -2.617 -0.231
CC+SN+BAO 66.197 + 1.464 -3.841 -1.513 -3.113 -0.778
CC+HR 73.782 + 1.374 -0.126 1.711 0.217 4.364
CC+SN+HE 72.022 + 1.076 -1.127 1.027 -0.622 3.897
CC+SN+BAO+HE 71.180 + 1.025 -1.628 0.645 -1.046 3.316
CC+HJRGB 69.604 + 1.756 -1.960 -0.076 -1.491 1.208
CC+SN+HJRGB 68.468 + 1.221 -2.970 -0.594 -2.264 0.810
CC+SN+BAO+HIRCB | 67.811 + 1.147 -3.407 -0.903 -2.623 0.328
CC+HEW 72.966 + 1.664 -0.486 1.262 -0.138 3.204
CC+SN+HIW 70.850 + 1.199 -1.711 0.471 -1.155 2.656
CC+SN+BAO+HEW | 69.911 + 1.128 -2.272 0.051 -1.628 2.036
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Cauchy Covariance for Hy

Data set(s) d(Hy, HY) d(Hy, H3RGB) d(Ho, Hy'W)  d(Hy, HE'ank18)
cC 69.396 + 5.186 -0.862 -0.073 -0.713 0.383
CC+SN 67.082 + 1.682 -3.157 -1.078 -2.562 -0.181
CC+SN+BAO 66.179 + 1.472 -3.839 -1.512 -3.114 -0.786
CC+HR 73.802 + 1.376 -0.115 1.719 0.226 4.374
CC+SN+HE 72.056 + 1.083 -1.106 1.040 -0.605 3.905
CC+SN+BAO+HE 71.166 + 1.028 -1.634 0.638 -1.052 3.294
CC+HJRGB 69.695 + 1.760 -1.917 -0.041 -1.452 1.254
CC+SN+HJRGB 68.508 + 1.233 -2.937 -0.575 -2.239 0.833
CC+SN+BAO+HARGB | 67.796 £+ 1.151 -3.410 -0.909 -2.628 0.316
CC+HEW 73.003 £ 1.667 -0.469 1.276 -0.122 3.221
CC+SN+HIW 70.892 + 1.209 -1.683 0.489 -1.132 2.670
CC+SN+BAO+HEW | 69.895 + 1.132 -2.277 0.043 -1.634 2.016
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Can we test ACDM with the GP reconstructions?

 The ACDM Friedmann equation for a dark fluid w(z) is

2
H(z) 21+w(Z) | |
E?(z) = ( e ) = Qo1+ 2)° + QpoExp [3[0 1+, dz
* Solving for Q,, o (W(z) = —1) we can define

E%(z) -1
z(3+ 3z + z2)

0 (2) =

* Therefore we can define the diagnostic test
(1)
do
LD () = d? =3(1-E?(2))(1 +2)2 + 2z(3 + 3z + z2)E(2)E'(2)

» For ACDM: 0\ (2) = Q.0 and LM (2) = 0




Diagnostic Tests of ACDM
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Square Exponential g(z) GP
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What does this say about the transition redshift

Data set(s) Square exponential Cauchy Matérn Rational quadratic
cC 0.616703 ., 0.572%3-267 0.591%ha,, 0.553%)411
CC+SN 0.607+3132 0.60073132 0.6053131 0.59813-133
CC+SN+BAO 0.66719:095 0.65873-192 0.65915-198 0.66470-393
CC+HY 0.551%)-112 0.54019-11° 0.5461911> 0.52819.112
CC+SN+HY 0.702+9-245 0.68710-463 0.69419-293 0.679%02 .,
CC+SN+BAO+HR 0.78319197 0.770+0112 0.772+9123 0.78310118
CC+HJRGB 0.573%338> 0.55213181 0.5641167 0.537%9332
CC+SN+HJ RGB 0.63313-159 0.62413-138 0.62915-138 0.62215-138
CC+SN+BAO+H [RGB 0.703%3-923 0.69315:199 0.6951 5332 0.699719-1%¢
CC+HIW 0.55619:329 0.54410.122 0.551%3-124 0.531*3121
CC+SN+HIW 0.679*3-12%¢ 0.66619:127 0.67119-290 0.66119201
CC+SN+BAO+HEW 0.752F0-598 0.74019:-316 0.7433911° 0.74519.113
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Square Exponential w(z) GP
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Propagating f(T(Z)) with GP data

The Friedmann equation contains f which need to by finite difference methods

Using a central differencing approach (error ~ O(AZZ)), we can assume

f(zis1) — f(zi-1)

f'(z;) =
Zi4+1 — Zi—1
81mG FCT)
H>? =—p, ——+—f
* Therefore, we can remove the f(T) = f'(z)/T'(z) 3 Pm 6 3/ T
* This then gives a propagation equation
H'(z;) f(z)
f(Zi1) = f(2i-1) + 2(Zi41 — 2i-1) H(Z-l) <3H(Zi)2 + 21 — 3H§Qp (1 + 2)°
l

e Using forward differencing, we can produce a second boundary condition



Boundary Conditions

ACDM (or f(T) = A) at works at late cosmological times

This implies that
fr(z=0) =0

= f(z = 0) = 6H§ (L, — 1)




Square Exponential f(T) GP
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Cauchy f(T) GP
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Open Problems with GP Reconstructions

* Overfitting at origin: GP is very prone to overfitting for small data sets,
which is especially pronounced at the origin, i.e. Hubble constant

Underfitting Overfitting Balanced

 Kernel Selection Problem: There is no natural kernel for cosmology

Square
Exponential

Rational
Quadratic

Matérn
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Genetic Algorithms (GASs)
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Genetic Algorithms (GAs)
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Trials for GAs

-+ Hybrid RBF-RQ
L = = Hybrid RBF-RQ-M52 74
300 ==+ Mostly RQ 68
| == Hybrid RBF-M52

Trial | Population Selection Mutation No. of Best fitness

size rate rate generations

1 104 0.5 0.15 10?1 —143.5 gQOO_

2 10* 0.3 0.30 10! —148.5 :

3 103 0.1 0.10 102 _143.4 100 Eabicl

4 103 0.3 0.50 102 —141.8 i . . 1 . 1
0.0 0.5 1.0 1.5 2:0 2.5 3.0

Kernel ‘ H, InL X fitness  Penalty -

Hybrid RBF-RQ 70.6 +55 |—131.49| 13.1 | —143.5 | 12.0

Hybrid RBF-RQ- 669+ 6.3 |—131.38| 12.0 | —1485 | 17.2 kogeIn N

M52 Penalty = >

Mostly RQ 66.7+ 6.4 |—131.36| 11.7 | —143.4 | 12.0

Hybrid RBF-M52 69.8+5.8 —-131.48| 12.7 | —141.8| 10.3
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Artificial Neural Networks (ANNS)

Input Layer | Hidden Layer Output Layer

Cosmological

parameters

Redshift (z)

(ex. H(z), oy (2))




Training Data for the ANN

CC+BAO dataset
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This observes the gamma distribution:

Mean: oy = 14.25 4+ 3.42z
Upper error: oy = 21.37 + 10.79z
Lower error: oy = 7.14 — 3.95z
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Designing the ANN

* Risk — Optimizes the number of hidden layers and neurons in an ANN
N

N
risk = E(Biasi2+Variancei) = 2 ([HObs(zi) = Jokren (Zl-)]2 + aﬁ(zi))
i=1

i=1

* Loss — Balances the number of iterations a system needs to predict the observational data
1. L1 (Least absolute deviation)

N
L1 = Z|H0bs(zi) — Hpred(zi)|
=1

2. Smoothed L1 (SL1)

3. Mean Square Error (MSE)
N

1 2
MSE = NZ (HObS(Zi) . Hpred (Zi))
L=



Building the ANN
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Using the ANN

H(z)/kms~Mpc—!

250 [T T T T T T | eI R AL T PR RS R RS _ 250 i
200 +
150 F
100 — 1 layer 3 layers ]
-=- 2 layers ¢ CC+BAO |
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SL1: H, =69.18 + 13.92km s IMpc~?
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What about priors?

H(z)/kms~tMpc~1

250 |

200 |
150
100 |
: i CC+BAO -
50 § H(F){ZO
i TRGB % HEI)-RGB
0.0 0.5 1.0 1.5 2.0
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H{?% = 7324+ 1.3 kms *Mpc™?
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HR*:  H,=70.24+10.08 kms~'Mpc~!
HIRB: H, =69.47 + 12.37 km s~ Mpc~!

arXiv:2111.11462
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Whisker Plot of Results
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Diagnostic Testing on ()

Null Testing:

(H(Z)/Ho)z —1

Om(z) =

(1+2)3—1 Acom ™0

om(z)

SHOES prior

om(z)

om(z)
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ANN Design for faog Reconstruction

Matter perturbation evolution:
3 H'(a) 3Q0,,(a)
o(a) +|—+ 6.(a) —= 6.,(a) =0
m a H(Cl) m 2 az pm m
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& ! g :
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Risk function for one layer (number of neurons = 2"

n € {7,..14})
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Reconstructing fog using ANNSs

Matter perturbation evolution:

MSE

3 H'(a) 3Q0,,(a)
Om(a) +|—+ Om(a) —=———pndm(a) =0
@) + 2+ s 610(@) = 52— pbn ()
Structure and matter fluctuation equations:
dlné(2) 5(z)

Z) = ——F—— Og\Z) = Ogog—<— . i u

f( ) d ln a 8( ) 80 60 . 0.30 0.35 0.40 0.45 0.50

arXiv:2111.11462 5.0
——'- 2048Ineurons' '-~I 8192 n’eurons |— L1 I ~~~-|MSE I ' I I— 1I|ayer I~-~ 3|Iayers
0.7 ~ —— 4096 neurons ¢ fog(2) 0.7r . === SL1 o fog(2) ] 0.7r . —=- 2 layers ¢ fog(2)
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Conclusion and Prospects

Cosmological observations indicate that we may need to re-visit our
gravitational foundations

TG offers an interesting alternative to traditional ways to modify gravity

TG satisfies a number of preliminary observational tests, and offers a more
consistent picture of modified gravity

TG can fix problems in traditional modified gravity
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Thank You
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