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ABSTRACT
Designing effective antibody libraries is a challenging combinato-
rial search problem in computational biology. We propose ProtLib-
Designer (PLD), a constrained integer linear programming (ILP)
method that generates libraries while explicitly controlling library
size and diversity. PLD uses in silico deep mutational scanning
scores from protein language models and antibody inverse-folding
models to guide optimization in a cold-start setting, without re-
quiring target-specific experimental data. Across three antibody–
antigen systems (Trastuzumab/HER2, D44.1/HEL, and Spesolimab/
IL36R), PLD produces libraries that improve predicted binding-related
objectiveswhile enforcing user-specified diversity constraints. Code
is available at github.com/LLNL/protlib-designer.
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1 PROBLEM SETTING
Antibody library design is a key step for bootstrapping directed
evolution in early-stage drug discovery [1, 10]. Traditional approaches
rely on randommutagenesis and/or experimental deep mutational
scanning (DMS) [8, 12], but these are costly and often provide lim-
ited control over library diversity. Recent protein language and
structure-conditioned inverse-foldingmodels enable in silicomuta-
tional scanning at low cost [6, 7]. We target a cold-start setting (no
target-specific fitness data), and aim to produce a size-controlled
library that balances predicted quality with explicit diversity con-
trols to hedge against model bias [3].

Goal. Given a wild-type antibody sequence w and a set of mu-
table interface positions r, we construct a library of 𝐾 mutants
that (i) improves model-predicted objectives and (ii) satisfies user-
specified diversity constraints that limit redundancy across the batch.

Contributions. We (i) formulate cold-start library design as con-
strained combinatorial optimization over additive mutation scores
derived fromdeep learningmodels; (ii) introduce a diversity-constrained
solve-and-remove procedure that guarantees exact library size; and
(iii) demonstrate improved library quality on three antibody sys-
tems spanning 10–47 mutable positions.
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Figure 1: PLD combines in silico deep mutational scanning
(sequence and structure models) with constrained ILP to
generate a size-controlled, diverse antibody library.

2 APPROACH
In silico mutational scanning. For each interface position 𝑖 ∈ r

and amino acid 𝑎 𝑗 , we compute additive mutation scores from (i)
a protein language model (intrinsic fitness) and (ii) an antibody
inverse-folding model conditioned on antigen context (extrinsic
fitness):

𝑠PLM𝑖 𝑗 = − log(𝑝 (𝑥𝑖 = 𝑎 𝑗 | w)) + log(𝑝 (𝑥𝑖 = 𝑤𝑖 | w)), (1)

𝑠IFOLD𝑖 𝑗 = − log(𝑝 (𝑥𝑖 = 𝑎 𝑗 | w, g)) + log(𝑝 (𝑥𝑖 = 𝑤𝑖 | w, g)) .

In our experiments, we use ProtBERT [4] and AntiFold [7], respec-
tively. Because scores are additive across positions, they enable
scalable optimization over large combinatorialmutation spaceswhile
retaining interpretability: each selected substitution has an explicit
contribution to each objective.

Multi-objective ILP. We encode a mutant with binary variables
𝑧𝑖 𝑗 ∈ {0, 1} indicating whether substitution (𝑖, 𝑗) is chosen, and
solve a scalarized ILP with weights 𝝀:

min
z

∑
𝑞∈𝑄

𝜆𝑞

𝑁∑
𝑖=1

𝑀∑
𝑗=1

𝑠
𝑞
𝑖 𝑗𝑧𝑖 𝑗 (2)

s.t.
𝑀∑
𝑗=1

𝑧𝑖 𝑗 ≤ 1 ∀𝑖, 𝑛min ≤
𝑁∑
𝑖=1

𝑀∑
𝑗=1

𝑧𝑖 𝑗 ≤ 𝑛max, 𝑧𝑖 𝑗 ∈ {0, 1}.

We solve each instance with CBC [5].

Diversity-constrained library generation. PLD constructs a library
of size 𝐾 via a solve-and-remove strategy: at each iteration, it sam-
ples 𝝀 (𝑘) (Dirichlet) to vary objective trade-offs, solves (2), and
then adds constraints to avoid near-duplicates and reduce overuse
of positions and specific substitutions across the batch. Concretely,
PLD (i) excludes a Hamming ball of radius 𝜖 around previously
selected mutants, (ii) limits how often a position can be mutated
(threshold 𝛿1), and (iii) limits how often a specific mutation can ap-
pear (threshold 𝛿2). The Hamming-ball exclusion can be written as
a linear constraint for each previously selected mutant z(𝑙) :∑

𝑖, 𝑗

𝑧𝑖 𝑗 − 2
∑
𝑖, 𝑗

𝑧
(𝑙)
𝑖 𝑗 𝑧𝑖 𝑗 ≥ 1 + 𝜖 −

∑
𝑖, 𝑗

𝑧
(𝑙)
𝑖 𝑗 . (3)

With 𝜖 = 0, these constraints guarantee 𝐾 unique mutants and ex-
plicit control of the diversity–quality trade-off; the number of con-
straints grows linearly with 𝐾 (one ball constraint per previously
chosen solution).

Table 1: Trastuzumab/HER2 results (1000 sequences).

Method Ent.↑ BEU↓ HV↑ Oracle↑
PLD (div.) 3.22 4.62 2232 58.2%
PLD (no div.) 3.11 4.30 2232 61.8%
LMG 4.75 10.70 1938 17.1%
MODIFY 3.97 10.14 2012 18.6%
SPEA2 2.74 6.24 2232 38.0%

3 RESULTS
Setup. We evaluate three antibody systems: Trastuzumab/HER2

(10 positions) and D44.1/HEL (34 positions) [9], and Spesolimab/
IL36R (47 positions) [11]. We generate 𝐾 = 1000 mutants per sys-
tem with 5–8 mutations each. Baselines include a linear mutant
generator (LMG) [2], a learned diversitymethod (MODIFY) [3], and
a multi-objective evolutionary algorithm (SPEA2) [13]. We report
residue entropy and two multi-objective metrics: batch expected
utility (BEU; lower is better) and hypervolume (HV; higher is bet-
ter), plus an oracle fitness proxy for Trastuzumab. Unless noted
otherwise, we set 𝜖 = 0 to prevent duplicate mutants and use
(𝛿1, 𝛿2) = (1000, 300) for Trastuzumab and (1000, 500) for D44.1
and Spesolimab.

Findings. Table 1 shows that PLD substantially improves pre-
dicted oracle fitness over baselines while maintaining competitive
(and controllable) diversity. In Trastuzumab, adding diversity con-
straints increases entropy from 3.11 to 3.22 while only modestly
reducing oracle fitness (61.8%→58.2%), illustrating a tunable trade-
off. Compared to learned and heuristic baselines, PLD raises the or-
acle proxy from ∼17–19% (LMG/MODIFY) to 58% while matching
the best observed HV (2232), indicating broad coverage of high-
quality trade-offs. For D44.1, PLD achieves BEU 1.84 (vs. 10.81 for
LMG) and HV 1262.6 (vs. 705.8), and for Spesolimab, PLD achieves
BEU −7.28 (vs. 4.50) and HV 552.3 (vs. 118.7), indicating stronger
objective trade-offs in larger search spaces. Notably, PLD canmatch
or recover the Pareto front in objective space while still producing
diverse batch solutions, avoiding the common failure mode where
Pareto-optimal sets are too small or too redundant for practical
wet-lab screening. We observe an explicit diversity–fitness trade-
off: tightening the mutation-frequency cap 𝛿2 increases entropy
but can reduce oracle fitness, allowing practitioners to tune diver-
sity to match screening capacity and risk tolerance.

4 CONCLUSION
PLD casts cold-start antibody library design as diversity-constrained
combinatorial optimization. By combining in silicomutational land-
scapeswith ILP constraints, it produces interpretable, size-controlled
libraries that can be tuned to experimental requirements. Limita-
tions include dependence on structural context and the fidelity of
learned scores; future work will extend PLD to breadth optimiza-
tion against sets of targets and richer (e.g., quadratic) interaction
models.
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