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[bookmark: _Toc239793288][bookmark: _Toc239797108]Supplementary Note 1: P2D modeling
The physics-based simulation (PBS) data were generated using a pseudo-two-dimensional (P2D) lithium-ion battery model coupled with degradation sub-models. The P2D model describes lithium transport in electrolyte and solid particles, charge conservation in both phases, and interfacial electrochemical reactions. In the electrolyte phase, lithium-ion transport was governed by

where where  is electrolyte concentration,  is electrolyte volume fraction,  is the effective electrolyte diffusivity,  is the transference number,  is the Faraday constant,  is the specific interfacial surface area, and  is the total interfacial current density.
Lithium diffusion inside the active-material particles was described by spherical diffusion,

with boundary condition

where  is the solid-phase lithium concentration,  is the solid diffusivity,  is the particle radius, and  is the intercalation current density.
Charge conservation in the solid and electrolyte phases followed

and

where  and  are solid- and electrolyte-phase potentials, and , , and  are effective transport coefficients.
The intercalation reaction was represented by Butler-Volmer kinetics,

where  is the exchange current density,  is the ideal gas constant,  is temperature, and  is the interfacial overpotential.
Degradation was introduced through sub-models for solid electrolyte interphase (SEI) growth, lithium plating and dead lithium decay, and loss of active material (LAM). SEI growth was initialized from the sampled initial SEI thickness,

The solvent-diffusion-limited SEI side reaction was controlled by the sampled SEI solvent diffusivity ,

where  is the SEI side-reaction current density,  is the solvent concentration at the SEI/electrolyte interface,  is the SEI charge-transfer coefficient,  is the SEI side-reaction overpotential. The SEI thickness evolved as

where  is the SEI molar volume. Thus,  determined the initial SEI resistance, while  controlled the rate of solvent transport through the SEI layer and hence the SEI-growth rate.
Lithium plating was controlled by the sampled plating kinetic rate constant . The plating current density was written as

where  is the lithium-plating current density,  is the lithium concentration associated with the plating reaction,  is the plating charge-transfer coefficient, and  is the plating overpotential. The plated lithium inventory evolved according to

where  is the concentration or inventory of plated lithium and  is the specific interfacial surface area. The second term describes conversion of plated lithium into electrochemically inactive dead lithium. The sampled dead lithium decay constant  therefore controlled the irreversible loss from the plated lithium reservoir,

where  is the concentration or inventory of electrochemically inactive dead lithium.
Loss of active material in the negative electrode was represented by reaction-driven and stress-driven contributions. The negative-electrode active-material volume fraction evolved as

where  is the negative-electrode active-material volume fraction and is the negative-electrode LAM rate. The LAM rate was written as

where  is the sampled NE LAM proportional term,  is the stress-driven LAM rate constant,  is the mechanical stress in negative-electrode particles,  is the sampling defined critical stress.



[bookmark: _Toc239797109]Supplementary Note 2: Bayesian scoring for parametric inference
Bayesian full-trajectory inference was used to map each experimental degradation curve into the PBS-emulated latent physical space. For an experimental cell , the observed degradation trajectory was represented by SOH-cycle positions  where  denotes the cycle number at given data reached SOH level . For each sampled parameter vector , the PBS emulator generated a corresponding trajectory 
Experimental and PBS-emulated trajectories were normalized within their own cycle ranges before shape comparison. This normalization allowed the scoring function to focus on relative degradation shape and pacing rather than absolute lifetime scale.
For each experimental cell, a high-throughput emulator search first identified a candidate pool of PBS-emulated trajectories with low trajectory mismatch. Candidate  for cell  was then assigned a posterior-like probability,

where  is the candidate pool for given cell , and  is the total scoring energy. The candidate with the highest  was selected as the inferred effective parameter set.
The total energy combined trajectory fitting and prior/constraint terms,

Here,  measured full-trajectory mismatch,  imposed hierarchical group consistency,  penalized poorly supported candidates,  imposed temperature-informed constraints. The coefficients  controlled the relative weight of each term.
The trajectory-mismatch term contained two components. The first compared normalized SOH-crossing positions,

where  and  are respective normalized cycle positions. The second compared coarse degradation slopes over predefined SOH segments,

The segment set  included 100-95%, 95-90%, 90-85%, and 85-80% SOH. The final trajectory mismatch was


The group prior encouraged cells with similar operating conditions to occupy nearby regions in latent parameter space. If  denotes the current group center for operating group , the group penalty was written as

where  controls the allowed spread within the group.
The density prior discouraged isolated edge candidates. For each candidate , its local support was estimated from the distance to neighboring PBS-emulated samples,

Candidates with large nearest-neighbor distances were penalized because they were located in sparse regions of the sampled PBS manifold.
The temperature-informed term constrained selected effective parameters using expected temperature trends. For example, SEI solvent diffusivity was encouraged to increase with temperature, while lithium plating tendency was encouraged to decrease under warmer conditions. This term was implemented as a monotonic or Arrhenius-informed consistency penalty across temperature groups,

where  denotes temperature-sensitive effective parameters,  is the normalized parameter value, and  encodes the expected temperature trend, following Arrhenius relations.
The inferred parameters were interpreted as effective degradation descriptors in the PBS-emulated latent physical space. They were used for relative comparison across cells, temperatures, and protocols. They were not treated as uniquely identifiable physical constants, because multiple parameter combinations can generate similar degradation trajectories and many aging-related parameters cannot be directly observed in experiments.



[bookmark: _Toc239797110]Supplementary Note 3: Anchor-neighborhood inference for prediction
Anchor-neighborhood inference was developed for early-to-late degradation prediction under limited experimental data. The goal was to predict the later SOH trajectory of a test cell using only its early-life degradation segment. The method used the PBS emulator as a physically constrained trajectory generator and used Bayesian posterior information from one complete anchor cell to define a condition-specific local search space.
For each operating-condition group , one complete experimental cell was selected as the anchor cell. This anchor provided a reference degradation trajectory for the group and constrained the candidate PBS-emulated parameter space used during prediction. From Bayesian full-trajectory inference, the anchor cell had a posterior-like candidate distribution , where  is candidate  for anchor cell , and  is its posterior-like probability. The anchor neighborhood was defined from the high-probability region of this distribution,

or equivalently from the top- posterior candidates,

This local neighborhood formed the condition-specific PBS-emulated manifold searched during early-life inference.
For a test cell  in group , only the early SOH segment was provided. If the observed early window ended at SOH level , the available trajectory was  The three prediction tasks used , corresponding to prediction windows of 94-80%, 89-80%, and 84-80% SOH. Each candidate  generated a complete emulator trajectory  Only the early segment of this trajectory was used for candidate scoring  The early-life inference score was the same to Supplementary Note 2.
This anchor-neighborhood design reduced the experimental data requirement by using only one complete cell per operating-condition group to define the local candidate space. It also restricted predictions to PBS-derived degradation trajectories, which helped prevent physically implausible extrapolation when only sparse early-life information was available. 



