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Constraints on dense-matter EOS
General physical constraints
 • Causality: sound speed cannot exceed light speed
 • Stability: ε > 0 and ε increases monotonically with pressure P

Laboratory constraints
 • Nuclear binding energies
 • Neutron-skin thickness
 • Dipole polarizabilities
 • Giant dipole resonances

Astrophysical constraints
 • Massive pulsars
 • NICER mass–radius measurements
 • LIGO/Virgo tidal deformabilities
 • Spin limits and moment of inertia estimates

Small footer:
 This slide summarizes the broader constraint landscape; not all listed inputs are used in the present analysis.
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EOS MODELS
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RMF-NL:  











DDB PRIORS & POSTERIORS



RMF-NL PRIORS & POSTERIORS



DDB: SBI–PyMultiNest Posterior Consistency



RMF-NL: SBI–PyMultiNest Posterior Consistency



SBI - PyMultiNest differences 
are small

• R1.4 shift: 0.05 km (0.39%) for 
DDB; 0.08 km (0.68%) for 
RMF-NL

• Mmax shift: 0.047 Msun 

(2.21%) for DDB; 0.014 Msun 

(0.71%) for RMF-NL

• Lambda1.4 shift: 5.1 (0.98%) 
for DDB; 17.5 (4.85%) for 
RMF-NL



TARP DIAGNOSTIC TEST

• DDB: 68% → 68.2% ECP (+0.2 pp); 90% → 91.0% ECP (+1.0 pp)
• RMF-NL: 68% → 64.0% ECP (−4.0 pp); 90% → 90.0% ECP (0.0 pp)
• Overall: TARP curves remain close to ideal coverage, indicating well-calibrated SBI posteriors



Train Once, Re-Infer in Seconds
• Same SBI network tested at sigma_obs x 
1 and sigma_obs x 0.5 — no retraining

• Reducing uncertainty tightens posteriors:
 R1.4 width shrinks by ~35%, R(Mmax) by 
~24%

• Median predictions stay stable:
 Mmax = 2.179 Msun, R1.4 = 12.83 km

• Speed advantage: 30,000 posterior 
samples in ~2.5 s on CPU
 vs PyMultiNest needs a new run for each 
uncertainty setup



Conclusion & Future Outlook
From proof-of-concept to production-scale EOS inference

• Validated proof-of-concept
 SBI recovers PyMultiNest-level RMF coupling, EOS, M-R, and tidal posteriors.

• Speed breakthrough
 30,000 posterior samples in ~2.5 s on CPU after one-time training.

ET/CE motivation: growing GW catalogues will make repeated event-by-event Bayesian EOS scans prohibitively expensive

• Next step: real multimessenger likelihoods
 Directly include NICER M-R posteriors, GW tidal likelihoods, and updated massive-pulsar constraints.

• Expand physics space
 Add pQCD constraints, more EOS families, hyperons/quarks/phase transitions, and composition-dependent models.

• Production goal
 Fast joint microscopic-EOS inference as new NICER/GW data and revised uncertainties arrive.

Take-home message:
 SBI shifts EOS inference from repeated costly scans to reusable, catalogue-scale inference for the ET/CE era.


