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Abstract

tcren ranks candidate epitopes for a fixed TCR–peptide–MHC structure by summing a residue-
level pairwise statistical potential over the observed contact map [2]; because the potential depends
only on residue identity and the closest-atom contact geometry, a candidate is scored virtually—its
amino acids are threaded onto the native contacts with no atom moved. This appendix documents
two coordinate-level extensions that the virtual score does not need but downstream re-docking
does: (i) a backbone-preserving peptide substitution that produces the coordinates of a new equal-
length epitope on the native scaffold, and (ii) a knowledge-based potential-guided refinement of
the peptide pose—the dope atom-level distance-dependent statistical potential [9] plus a harmonic
restraint to the input pose, sampled by rigid-body Metropolis Monte Carlo [5, 3] and implemented
as a pybind11/C++ kernel. The refinement potential is deliberately distinct from the TCRen
/ Miyazawa–Jernigan potentials tcren scores epitopes with: refining a pose against the same
quantity one then reports would be circular, so the pose is optimised under an independent, more
physical energy. We give the energy function, prove that the restraint is necessary (without it the
rigid-body minimiser drifts the peptide out of its pocket), and state the sampler and its cost. The
method is knowledge-based, in the spirit of distance-dependent potentials of mean force [10, 6, 9];
it is not a physics force field. Physics-grade relaxation is delegated to Rosetta FlexPepDock [7, 4].

1. Scope

For a chain-typed complex tcren builds the inter-chain contact map—closest heavy-atom pairs at a
5Å cutoff, reduced to one pair per residue pair—and scores a candidate peptide 𝑠 on the TCR↔peptide
interface as ∑(𝑖 ,𝑗) 𝜙(𝑎𝑖 , 𝑠𝜋(𝑗)), where 𝜙 is the TCRen statistical potential, 𝑎𝑖 the fixed partner residue
and 𝜋 the contact’s peptide position [2]. This is a fixed-backbone, fixed-contact-set approximation:
the native pose stands in for every candidate. It is fast (microseconds per peptide) and is the basis
of all ranking in tcren. The two operations below relax that approximation when a candidate’s
geometry—not just its score on the native contacts—is required, e.g. to seed re-docking, to relieve a
clash introduced by substitution, or to compare poses across candidates.
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2. Backbone-preserving peptide substitution

Definition 1 (Substitution). Let the native peptide chain have residues 𝑟1, … , 𝑟𝐿 with heavy-atom
coordinate sets 𝑋1, … , 𝑋𝐿, and let 𝑠 ∈ 𝒜𝐿 be a new sequence over the twenty amino acids. The
substitution sub( ⋅ , 𝑠) returns a chain whose 𝑖-th residue has identity 𝑠𝑖 and retains exactly the back-
bone atoms {N,C𝛼,C,O} together with C𝛽 when 𝑠𝑖 ≠ Gly, with all coordinates inherited from 𝑋𝑖 ;
side-chain atoms beyond C𝛽 are discarded.

Rationale. A residue-level potential reads the contact map through residue identity and the
closest-atom (or C𝛽) distance [6]; the backbone +C𝛽 frame therefore carries everything the score
and the refinement energy of §3 consume, while the native backbone—rigidly constrained between
the MHC groove walls and the TCR loops—is the appropriate scaffold for an equal-length epitope.
Rebuilding the discarded side chains (a backbone-dependent rotamer search [8]) and full physics re-
laxation are deliberately not performed here; substitution only fixes identity and C𝛽 geometry, leaving
heavier modelling to the refiner or to an external tool. The map is purely combinatorial—no align-
ment, no optimisation—so it is exact and order-preserving on the peptide’s sequential indexing.

3. Potential-guided refinement

Write 𝑥 ∈ ℝ3𝑀 for the 𝑀 peptide heavy-atom coordinates (the only degrees of freedom) and 𝑦 ∈
ℝ3𝑀′

for the fixed partner (TCR+MHC) heavy atoms. Each heavy atom carries a dope atom class
𝑐(⋅) ∈ {1, … , 158}—a MODELLER mean-force atom type, i.e. a (residue, atom-name) label—and let
𝜑𝑐,𝑐′ ∶ ℝ≥0 → ℝ be the dope distance-dependent potential of mean force for the class pair (𝑐, 𝑐′) [9],
tabulated on 29 knots at 0.75–14.75Å (0.5Å spacing), linearly interpolated, and set to 0 beyond
𝑑max = 14.75Å. Crucially 𝜑 is not TCRen or Miyazawa–Jernigan—those score the final epitope
(§1), so reusing them to refine would optimise the pose against the very quantity reported. dope is a
single, chain-agnostic, atom-resolved potential applied uniformly to every peptide↔partner pair.

Definition 2 (Refinement energy).

𝐸(𝑥) =
𝑀
∑
𝑝=1

𝑀′

∑
𝑞=1

𝜑𝑐(𝑝), 𝑐(𝑞)(‖𝑥𝑝 − 𝑦𝑞‖)
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

dope

+ 𝑤r

𝑀
∑
𝑝=1

‖𝑥𝑝 − 𝑥0
𝑝‖2.

dope’s short-range knots are strongly repulsive (capped near +10), so the potential supplies its own
excluded-volume term: there is no separate clash penalty. The second term is a harmonic restraint
to the input pose 𝑥0 (default 𝑤r = 1

2).

Boundedness and the role of the restraint. Unlike a residue contact-count energy—whose
trivial rigid-body minimum can be “no contacts” (the peptide ejected)—the dope term is bounded
below and tends to 0 as the peptide is translated away, so a finite rigid-body minimiser always exists.

Proposition 1. Restrict 𝑥 to the rigid-body family 𝑥 = 𝑅𝑥0 + 𝑡, 𝑅 ∈ 𝑆𝑂(3), 𝑡 ∈ ℝ3, and let 𝐸D(𝑥) =
∑𝑝,𝑞 𝜑𝑐(𝑝),𝑐(𝑞)(‖𝑥𝑝 − 𝑦𝑞‖). Then 𝐸D is bounded (|𝐸D| ≤ 𝑀𝑀 ′ max |𝜑|) and 𝐸D → 0 as ‖𝑡‖ → ∞.
Its rigid-body minimiser is the globally best-packed pose, which need not coincide with the input 𝑥0:
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the peptide may slide within the groove. Adding 𝑤r ∑𝑝‖𝑥𝑝 − 𝑥0
𝑝‖2 makes 𝐸 coercive and confines the

minimiser to a neighbourhood of 𝑥0 whose radius decreases with 𝑤r, yielding a local refinement—a
native pose (already near a dope optimum) barely moves, while a clashed or displaced input relaxes
locally.

Sampling. 𝐸 is minimised by simulated-annealing Metropolis Monte Carlo [5, 3]. At step 𝑡 a
trial pose is proposed by a rigid move of the peptide: a Gaussian translation 𝛿 ∼ 𝒩(0, 𝜎2

𝑡 𝐼3) and a
rotation about the peptide centroid by a random axis and angle 𝜃 ∼ 𝒩(0, 𝜎2

𝑟 ). The trial is accepted
with probability min(1, exp(−Δ𝐸/𝑇𝑡)), with the temperature cooled linearly 𝑇𝑡 ∶ 𝑇0 ↓𝑇1; the lowest-
energy pose visited is returned. The chain is deterministic given its pseudo-random seed.

Implementation and cost. Each energy evaluation is 𝑂(𝑀𝑀 ′) over heavy-atom pairs; partner
atoms are pre-filtered to those within a 12Å shell of the peptide, so 𝑀 ′ is the interface, not the whole
complex, and several thousand steps complete in well under a second. The kernel is C++ (pybind11);
the symmetric 158 × 158 × 29 dope table is passed by buffer, an atom’s class is its (residue, atom)
label, and 𝜑 is a single buffer lookup plus a linear interpolation. The bundled table is parsed once
from the MODELLER mean-force libraries (atmcls-mf.lib, dist-mf.lib) as redistributed by the
pymod/altmod project.1 A native pose is a fixed point of the move set up to thermal noise (it barely
moves); a clashed or displaced input relaxes locally.

4. Assumptions and limitations

The peptide is treated as a rigid body: there is no backbone flexibility and no side-chain repacking,
so substitution leaves heavy atoms beyond C𝛽 unmodelled and the refiner cannot resolve rotameric
clashes (a backbone-dependent rotamer pass [8] is the natural next step; until then a substituted
side chain contributes no dope terms beyond C𝛽). dope is an isotropic, distance-only potential—an
orientation-dependent potential would resolve packing better at the cost of per-atom frames—and
the restraint weight 𝑤r is a tunable that sets the locality radius. For physically realistic, full-atom
relaxation—side-chain optimisation and backbone minimisation under an all-atom force field—tcren
defers to Rosetta FlexPepDock [7, 4] with the ref2015 energy function [1], invoked as an external
process; the C++ kernel here is a fast knowledge-based pre-refinement, not a substitute for it.
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