MultiAbRank: Benchmarking De Novo Antibody Design Under Multi-Objective
Constraints

Anonymous Authors'

Abstract

In recent years, diffusion and sequence-first mod-
els have been created to rapidly produce antibody
candidates. Through physics-based scoring met-
rics that analyze features such as structural sta-
bility and interface geometry, methods for bench-
marking and evaluating these candidates have also
emerged. Proper evaluation of antibody candi-
dates and computational design models requires
examining binding, structural plausibility, biolog-
ical realism, and novelty. However, de novo anti-
body evaluation methods rely on reconstruction-
based criteria or structural confidence proxies, and
do not satisfy these objectives, failing to properly
address the underlying challenge in de novo an-
tibody design that plagues in vitro and in vivo
translation. We introduce a benchmark for de
novo antibody design models with three comple-
mentary tasks, examine current models on sup-
ported tasks, and evaluate candidates produced
from these three tasks based on a multi-objective
scoring method. We also expose weaknesses in
antibody candidate evaluation, offer a standard-
ized framework for future computational design
models.

1. Introduction

Computer-aided drug design has seen the development of
large protein language models, diffusion-based generators,
and structure-aware learning methods integrated into ro-
bust models that enable the generation of novel antibody
sequences that satisfy biologically relevant intrinsic fitness
criteria such as foldability, stability, and expression potential.
These properties of sequences can be manipulated and evalu-
ated without resource and time-extensive wet-lab discovery
and validation. As a result, in silico antibody generation
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has shifted from sequence reproduction toward claims of de
novo therapeutic design (Meng et al., 2024). Despite these
advances, existing benchmarks evaluate narrow properties
in isolation, rather than the multi-objective criteria that gov-
ern experimental viability and clinical translation (Liu et al.,
2025).

In practice, affinity-related scores, structural stability mea-
sures, and novelty constraints can exert competing pres-
sures on model output, such that improvement along one
axis coincides with decline along another. Therefore, mod-
els that perform well under existing benchmarks fail when
tasked with designing antibodies that are simultaneously
novel, antigen-conditioned, specific, and biologically real-
istic in wet-lab environments. This implies that evaluating
candidates using a single-metric paradigm is misaligned
with the underlying physical and biological constraints that
govern antibody behavior, thereby obscuring meaningful
differences between model approaches (Chungyoun et al.,
2024).

In our work, we evaluate de novo antigen-conditioned anti-
body designs under multi-objective constraints by aggregat-
ing complementary metrics into a comprehensive scoring
protocol. We propose a benchmark comprising three com-
plementary tasks: (i) Novel CDR-H3 generation, (ii) Frame-
work region design, and (iii) Global antibody sequence and
structure design. The novelty of our work lies in evaluating
de novo antibody design across a rigorous set of biologically
relevant metrics to bridge the gap between in silico antibody
design and practical, real-world application.

2. Related Work

Current antibody generation models fall into two main cat-
egories: sequence-first and structure-first. Sequence-first
models generate or predict antibody amino acid sequences,
while structure-first models predict or optimize the geometry
of the antibody-antigen complex, optimizing affinity, bind-
ing, and biological realism (Meng et al., 2024). AbBiBench,
AbRank, and FLAb are benchmarks for targeting affinity
maturation, pairwise binding ranking, and multi-property
fitness landscapes, respectively, but do not assess the full
scope of de novo antibody design (Zhao et al., 2025b) (Liu
et al., 2025) (Ucar et al., 2024). Reconstruction-based met-
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rics such as AAR give limited insight (Ucar et al., 2024)
(Li et al., 2025) and assume known sequences are optimal,
penalizing novelty (Kim et al., 2024). RMSD shares this lim-
itation. Structural confidence proxies pLDDT and PAE indi-
cate reliability but lack antigen context (Joubbi et al., 2025)
(Varadi et al., 2022), while HADDOCK captures docking
quality, but not specificity or developability (Kurkcuoglu
et al., 2018). Novelty and biological realism can be assessed
via OAS (Olsen et al., 2022) and the Therapeutic Antibody
Profiler (Raybould et al., 2019).

3. Methods
3.1. Baseline Model Methods and Workflows

Sequence-first models, IgLM and ProtT5-FT, are
antibody-specialized protein language models used here
for antigen-conditioned CDR-H3 and framework infilling.
IgLM (decoder-only, masked infilling) and ProtT5-FT
(encoder-decoder, OAS fine-tuned) serve as sequence-first
baselines.

Structure-first models, RFDiffusion and BindCraft, instan-
tiate diffusion- and AF2-Multimer—based pipelines for
antigen-conditioned binder design; RFDiffusion generates
CDR backbones or full VH/VL variable domains in com-
plex with the antigen followed by ProteinMPNN inverse
folding. BindCraft performs AF2-Multimer hallucination
and gradient-based sequence optimization to obtain putative

binders.
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Figure 1. Overview of the benchmark pipeline.

3.2. Benchmarking Tasks

Task 1: CDR-H3 De Novo Design: Given a target antigen
structure, a target epitope, and a fixed antibody framework,
the model under test (MUT) designs a novel CDR-H3 loop.

Task 1 evaluates whether the MUT can construct a functional
binding interface. The MUT should generate 30 CDR-H3
sequences per antigen.

Task 2: Framework Design: Given a target antigen struc-
ture and a CDR-H3 sampled from Task 1, the MUT designs
the VH/VL framework (excluding the provided CDR-H3).
Task 2 assesses whether models can construct compatible
frameworks that maintain the CDR-H3 context. Framework
design is repeated for each of the CDR-H3 from Task 1.

Task 3: Complete VH/VL De Novo Design: Task 3 eval-
uates binding efficacy, folding, sequence realism, and bio-
logical realism. The MUT generates 30 complete VH/VL
sequences per antigen.

4. Evaluation

We establish thresholds across four complementary objec-
tives. Candidates failing any single threshold are disqual-
ified and assigned a composite score of zero. Candidates
clearing all thresholds receive a weighted composite score.
Information on all scoring methods, threshold selection,
weighting rationale, and weight-sensitivity ablation can be
found in section A.

4.1. Scoring Metrics

Novelty Score In Task 1, novelty is measured on the CDR
regions as a whole. For Task 2 and 3, novelty is calculated
for the VH/VL sequences individually and averaged. Nov-
elty is measured by sequence identity to the nearest OAS
neighbor, using KA-Search (Olsen et al., 2023). While an
antibody candidate can have good scores, if it already exists,
the generation was unnecessary.

Biological Realism Score is computed as: Sp;o = o+ Stap +
(1 —a) - Simm- Stap = 1 — W, with candidates
scoring below 0.8 disqualified, and the immunogenicity

score iS Sipym = 1 — fa‘il"g. For our scoring, o = 0.5.

Structural Score is the mean of pLDDT and PAE sub-
scores: Syrcet = 3 (SpLppT + SPAE)- SpLDDT = %
(candidates below pLDDT 80 are disqualified, yielding a
range of [0.2,1.0]) and Spag = 1 — ®4E (candidates above
PAE 10 are disqualified, yielding a range of [0, 1]).

Binding Score was calculated using PRODIGY (Vangone
and Bonvin, 2017) (Xue et al., 2016) on the top five HAD-
DOCK poses for a given antigen-antibody pair, and applying
the formula found in section A 4.

4.2. Composite Score

For candidates clearing all thresholds Scomposic = 7 -
Shov + 6 + Sbio + € - Shind + € - Sstruee With default weights
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Figure 2. Mean PAE scores for the models tested. Models with a
PAE score > 10 were disqualified.

(v,9,¢,¢) = (0.20,0.40,0.20, 0.20), which can be adjusted
to stress-specific objectives.

4.3. Experimental Setup

We curated a panel of three high-value therapeutic targets
spanning antigen categories across cancer (HER?2), viruses
(p24), and neurodegenerative diseases (amyloid-{3) for the
primary benchmark tasks. When applicable, all models were
provided with identical antigen inputs, either as antigen
sequences or the corresponding structure to the sequences.

4.4. Databases for Fine-Tuning

For sequence-first models, we used the Observed Anti-
body Space (OAS) and the Structural Antibody Database
(SAbDab) for pretraining and fine-tuning. Both were cre-
ated by the Oxford Protein Informatics Group. (Olsen et al.,
2022) (Dunbar et al., 2014) (Schneider et al., 2022)

5. Results

To assess whether diffusion-generated antibodies exhibit
both structural plausibility and predicted antigen binding,
we evaluated AlphaFold structural confidence metrics along-
side HADDOCK docking energies across the HER2 anti-
body design library. When scoring, if all antibodies from a
particular model failed in one portion of the scoring (e.g., the
structural score), the model was automatically disqualified.

As shown in Figure 2, IgL.M and ProtT5 both failed Task 1,
as all their generated antibodies had PAE scores exceeding
10. IgL.M’s average PAE score was 21.241, and ProtT5’s
average PAE score was 27.001. On Task 2, all candidates
generated by ProtT5 failed to parse through TAP; ProtT5
failed on Task 2. For Task 3, Igl. M-generated antibodies all
had PAE scores greater than 10, again disqualifying them.
BindCraft also failed Task 1 and 3 due to internal constraints,
for which more information is provided in section A.6.

Most candidates displayed high structural confidence, with
mean pLDDT values exceeding 80, but docking scores

Structural pass rate vs. docking pass rate
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Figure 3. The AB docking pass rate of 100% reflects the permis-
siveness of the disordered antigen topology rather than genuine
high-affinity binding; the —80 threshold is non-discriminating for
this antigen class.
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Figure 4. Evaluation pipeline scores for RFDiffusion-generated
designs.

ranged from below -140 to above 0, indicating that struc-
tural plausibility alone does not guarantee strong binding.
Candidates with lower interface PAE generally exhibited
favorable docking energies, suggesting that accurate predic-
tion of antibody—antigen orientation is a key determinant of
binding quality.

For Task 1, RFDiffusion-guided CDR design, 29 of 30
(96.7%) candidates in the p24 cohort qualified, yielding a
mean composite score of 82.9%. Against amyloid-53, 28
of 30 candidates qualified (93.3%), yielding a cohort mean
composite score of 78.4%. The HER?2 outputs exhibited the
greatest generative attrition, with only 23 of 30 candidates
qualifying (76.7%); this elevated disqualification rate is
directly reflected in the cohort mean score of 65.2%.

An analogous trend arose in p24 designs: only a fraction of
structurally plausible antibodies achieved strongly favorable
docking scores, indicating that structural correctness alone is
insufficient for predicting functional binding interfaces. As
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Table 1. Structural confidence, binding performance, and composite score components across antigens for RFDiffusion-generated designs.

ANTIGEN n AF2-MULTIMER

PRODIGY, TOP-5 POSES

SCORE COMPONENTS

PLDDT INT. PAE  MEANZ£SD RANGE BINDING NOVELTY BIOSCORE COMPOSITE
HER2 23 82.8+1.6 518+0.51 —174+0.9 [-18.7, —15.0] 1 0.972 0.941 65.2%
p24 29 86.5+1.5 4.99+054 —14.9+1.2 [-18.2, —13.0] 0.913 0.937 0.975 82.9%
AB 28 82.0+1.0 4.85+0.43 —19.3+2.7 [-24.9, —10.9] 0.975 1.000 0.917 78.5%

seen in Figure 3, this disconnect is not antigen-specific, and
plausibility alone does not ensure strong antigen binding.

Our observations demonstrate the need for multi-objective
evaluation in de novo designs. While diffusion-based meth-
ods reliably generate structurally plausible candidates, filter-
ing using interface geometry and binding proxies is needed
to identify designs with strong predicted antigen affinity.

6. Discussion

RFDiffusion demonstrated antigen-dependent generative
feasibility across the three target cohorts, with pass rates
ranging from 76.7% to 96.7%. The elevated attrition ob-
served in the HER2 cohort was driven primarily by structural
failures: four candidates fell below the pLDDT threshold,
and three failed sequence parsing. However, when com-
posite scores are restricted to qualified candidates, HER2
(0.8501) approaches p24 (0.8580) and exceeds amyloid-/3
(0.8408), indicating that the pipeline produces comparably
high-quality designs across all antigens when generative
trajectories succeed. The gap between HER2 and the other
targets is therefore attributable almost entirely to disqual-
ification, consistent with HER2’s well-folded, conforma-
tionally constrained epitope, which presents a more chal-
lenging geometry for diffusion-guided CDR design than
the capsid surface of p24 or the disordered topology of
amyloid-8. The complete failure of BindCraft to produce
any accepted designs across both p24 and amyloid-/3 targets
further underscores this point: AF2-Multimer hallucination-
based pipelines face a substantially steeper feasibility barrier
under multi-objective filtering than diffusion-guided CDR
design, and their trajectory attrition is not recoverable solely
through downstream sequence redesign.

Decomposition of score components among qualified candi-
dates reveals further antigen-specific trends. The p24 cohort
achieved the highest mean pLDDT score (86.5+1.5), reflect-
ing the greater structural confidence AlphaFold assigns to
capsid-targeting designs, while amyloid-/3 and HER2 can-
didates were comparably lower (82.0£1.0 and 82.8+1.6,
respectively). In contrast, interface PAE scores were simi-
lar across all three antigen classes, suggesting that once a
candidate clears the qualification threshold, interface geom-
etry is predicted with comparable reliability regardless of

target. Notably, the amyloid-/3 cohort achieved perfect nov-
elty scores across all qualified candidates, whereas p24 and
HER2 exhibited slight convergence toward known sequence
motifs, possibly as a consequence of scaffold-imposed con-
straints on the CDR sequence space. Critically, high Al-
phaFold pLDDT scores did not reliably predict favorable
docking energies for either HER2 or p24, confirming that
structural confidence is decoupled from predicted binding
and that pLDDT and PAE thresholds, while necessary, are
insufficient criteria for de novo antibody evaluation. This
decoupling was not antigen-specific and underscores the
importance of the threshold-and-aggregate scoring protocol
employed here. By disqualifying candidates that fail any
individual threshold across novelty, biological realism, bind-
ing, and structure before computing composite scores, the
protocol surfaces model-specific failure modes that would
be obscured under single-metric assessment. Sensitivity
analysis over weight configurations (Appendix A.8) also
shows antigen-level rankings are invariant to weight pertur-
bation, supporting the robustness of composite score.

7. Conclusion

There are limitations of this evaluation framework that war-
rant consideration. The scoring protocol’s fixed thresholds
and tool dependencies reflect current practice but introduce
methodological biases. External validation remains con-
strained by a small anchor set insufficient to establish robust
score-to-affinity correlations. The computationally inten-
sive pipeline limits the number of candidates that can be
evaluated per antigen and favors generative models that in-
tegrate naturally with prevailing structure prediction tools,
raising the concern that observed performance differences
may reflect resource or pipeline compatibility advantages
over algorithmic merit. More broadly, the absence of a re-
producible community benchmarking standard means that
results of this kind cannot yet reliably distinguish model-
specific progress from pipeline-dependent artifacts. Future
work should address this gap, expand the antigen panel, and
investigate closer integration of generation and evaluation.
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Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning as applied to computational biology.
The benchmark and scoring protocol introduced here are
intended to improve the rigor of de novo antibody design
evaluation, with potential downstream implications for ther-
apeutic drug discovery. We note that no computationally
generated antibody candidate should be considered clini-
cally viable without experimental validation; this work is
positioned as a step toward more principled model com-
parison, not a substitute for wet-lab confirmation. Open
publication of benchmark tasks, scoring thresholds, and
evaluation pipelines is intended to support reproducibility
across resource-constrained research settings.

A. Appendix
A.1. Novelty Scoring Formula

Our novelty formulas found below were partially motivated
by earlier papers and their use of sequence similarity in
pruning the Observed Antibody Space. (Li et al., 2025)
(Zhao et al., 2025a)

Sequences that are extremely similar (> 90% to those in
the OAS were penalized slightly, though as long as they
were not an exact match, they were accepted. Sequences
that were dissimilar (70 < s < 80%, 70 < s < 85%, re-
spectively), were penalized to a larger degree as they could
be biologically implausible, due to the large amount of
sequences in the OAS. Sequences that were extremely dis-
similar (< 70%) were disqualified for the same reason. Due
to the variability of the CDR regions, particularly CDR-H3,
we didn’t penalize generated CDR-H3 with moderate sim-
ilarity. Finally, a similar non-penalty was applied for the
frameworks, but due to lower variability in these regions,
the lower bound was increased.

Due to compute limitations, all matching was done using
OAS-aligned-small, found at the KA-Search Github. (Olsen
et al., 2023)

0 and disqualify, s < 0.70,s=1
—0.70

Sl 0.70 < s < 0.80,
0.10

St1(s) =

1, 0.80 < s < 0.90,

1—(s—0.9), 0.90 < s < 1.00,
0 and disqualify, s < 0.70,s=1
5070 0.70 < s < 0.85,

ST2/T3(5) = 0.15

1, 0.85 < s < 0.90,
1—(s-0.9), 0.90 < s < 1.00,

A.2. Biological Realism Scoring Formula
A.2.1. TAP SCORE

As noted in (Raybould et al., 2019) and (Raybould et al.,
2024), amber flags represent an extreme value for the cate-
gory, while a red flag is previously unobserved. Our scoring
method for TAP is a heuristic designed to tolerate mild but
not extreme risk (e.g. 2 amber flags or 1 red flag).

A.2.2. IMMUNOGENICITY SCORE

NetMHCPan (Nilsson et al., 2023) reports strong and weak
binders using a percentile-rank score. Following the con-
ventions listed in (Reynisson et al., 2020), we’ve set the
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percentile-rank cutoffs for strong and weak binders to 2%
and 10%, respectively. Note that this was done using the
NetMHClIpan 4.3 web server with the following list of alle-
les: DRB1*#0101, DRB1*0301, DRB1*0401, DRB1*0701,
DRB1*0801, DRB1*1101, DRB1¥1301, DRB1*1501. The
alleles used were motivated by similar use in (Thrift et al.,
2024).

Then, fsirong is calculated as the number of peptide win-
dows classified as strong binders divided by the total number
of evaluated peptide windows. As fs¢rong increases, the im-
munogenicity score decreases, and with > 10% of binders
being strong binders, we reach an immunogenicity score of
0.

A.3. Structural Score

For the structural score, we wanted to balance between
pLDDT and PAE, representing local structure and position-
ing. As such, we take the average of the two scores.

Our pLDDT score was based on Alphafold documenta-
tion (Google DeepMind and EMBL-EBI, 2026), where it
is noted that pLDDT scores above 70 are expected to be
modeled well, and above 90 are expected to be modeled to
high accuracy. For PAE, below 5 angstroms indicates excel-
lent confidence, and between 5 and 15 indicates moderate
confidence locally, and lower confidence in long-range and
inter domain positioning. As such, we made the cutoffs for
pLDDT and PAE to be 80 and 10, respectively. By doing
so, we filtered for antibody candidates with strong local
structure and near excellent confidence.

One note here is that even if the cutoff for PAE had been
15 instead of 10, the same models would have failed Task
1. For Task 3, IGLM wouldn’t have completely failed, but
only 11 of 90 generated antibodies would have been fully
scored. Even assuming a perfect score on everywhere else,
IGLM would’ve received a composite score below 12% for
Task 3.

A 4. Binding Score

— (AG=(=8))
Sbind = (=15)-(-5)

AG is calculated as the mean PRODIGY-predicted binding
free energy (kcal/mol) from the top five HADDOCK poses.

A binding energy higher than -8 indicates weak predicted
binding, while a binding score lower than -15 indicates very
strong predicted binding. As such, our formula was made
so binding energies of -8 or greater are scored as 0, binding
energies of -15 or less are scored as 1, and energies from -8
to -15 are increasing in score.

A.5. Antigens

The antigens used for this paper were P24, HER2, and
Amyloid-Beta.

A.6. BindCraft Results

BindCraft optimises binder backbone geometry via
AlphaFold2-Multimer backpropagation across four sequen-
tial stages, after which successful trajectories undergo Pro-
teinMPNN sequence redesign and AF2 monomer complex
reprediction against a predefined filter set. Of 8 Chothia scaf-
folds targeting the HIV-1 p24 capsid protein (PDB: 1E6J),
four completed all optimisation stages; of 24 Chothia scaf-
folds targeting the amyloid-g peptide (PDB: 6CO3), two
passed the trajectory quality filter and entered ProteinMPNN
sequence redesign (Figs. 3-5). None of the resulting se-
quences passed downstream AF2 validation filters, yielding
zero accepted designs for either target.

A.7. Weighting Rationale

Default weights were chosen under the reasonable assump-
tion that Biological Realism is by far the most important
criteria. Ultimately, no matter how good predicted struc-
tural, binding, and novelty scores are, if the antibody isn’t
realistic, there was no point in scoring it. This is particularly
important when it comes to TAP usage, which actually in-
forms us when antibody candidates are extremely far from
the norm or previously unseen.

A.8. Weighting Ablation

As Igl.M, BindCraft, and ProtT5 failed upstream scoring
thresholds and did not receive composite scores, sensitivity
analysis is only performed on fully scored RFDiffusion
candidates.

Default weights: Scomposite 0.20Sp0y + 0.405y;, +

0.20Sping + 0.20Sguct-

Equal weights: Scomposic = 0.25550v + 0.255hi, +

0.255bind + 0.25ruct-

Binding-heavy: Scomposite 0.15S,6y + 0.255h, +

0.40Sping + 0.20Sguct-

Structure-heavy: Scomposic = 0.15Spoy + 0.255p0 +

O.2OSbind + 0-40Sstruct-

NOVeltY'heaVy: Scomposite 0~40Snov + 0~25Sbio +

0.15Sping + 0.20Syct-
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Table 2. Weight-sensitivity ablation for RFDiffusion-generated

Table 3. Overview of baseline models used in the benchmark.

Model

Architecture Tasks

Workflow

candidates.
Weight setting HER2  p24 AS Ranking
Default 652% 829% 78.5% p24 > AS > HER2
Equal weights 63.4% 80.1% 76.7% p24 > AB > HER2
Binding-heavy 66% 82.1% 79.1% p24 > A > HER2
Structure-heavy 56.7% 73.5% 68.3% p24 > Ap > HER2
Novelty-heavy  65.4% 82.4% 79.8% p24 > A > HER2

A.9. Model Usage

IgLM
protein
language
model

Decoder-only Task 1,

Task 3

Unconditional
generation / infilling.
IgLLM uses
antibody-specific
sequence grammar to
generate antibody
candidates. For Task 1,
its masking and
infilling capability is
used to redesign the
CDR-H3 loop within a
fixed framework.

ProtT5-FT Encoder—
decoder
protein
language
model

Task 1,
Task 2

Conditional infilling.
ProtT5 is fine-tuned on
an OAS subset for
sequence-to-sequence
translation. CDR-H3
infilling in Task 1 and
framework infilling in
Task 2 are performed
by masking the target
region and conditioning
the encoder on the
antigen sequence.

RFDiffusion Diffusion
model

Task 1

Antigen-conditioned
generation. The
RFantibody pipeline is
used to generate CDR
backbones and
antibody poses relative
to the fixed antigen
structure.
ProteinMPNN inverse
folding is then applied
to convert generated
backbones into amino
acid sequences.

BindCraft AF2-

Multimer

optimization

Task 1,
Task 3

Hallucination
pipeline. BindCraft
performs
gradient-based
optimization over
binder sequence and
structure to maximize
AF2-Multimer
confidence metrics
such as ipTM and
ipLDDT.
ProteinMPNN inverse
folding is used after
backbone optimization.




MultiAbRank: Benchmarking De Novo Antibody Design Under Multi-Objective Constraints

Table 4. Sampling hyperparameters for sequence-first language
models.

Parameter IgLM ProtT5-FT Rationale

Temperature 1.0 1.0 A neutral value
balancing novelty
and coherence.

Top-p 1.0 0.85 For IgLm, allows
greater diversity in
sequences. For
ProtT5, restricts
sampling to highly
probable residues
for sequence

realism.
Number of 30 30 Required number of
samples candidates per
antigen and task.
Beam size N/A 1 Beam search is used

in ProtT5’s decoder
for controlled,
high-quality
conditional
generation.

Table 5. Sampling and optimization hyperparameters for structure-
first models.

Parameter RFDiffusion BindCraft Rationale

Denoising 150 N/A Fixed number
steps of steps for
high-quality,
reproducible
backbone
generation.
Guidance 1.0-2.0 N/A Controls
scale adherence to
antigen and
epitope
constraints.

Optimization N/A Maximize Drives the
goal ipTM and sequence and
ipLDDT structure toward

a highly
confident
binding
interface.

Inverse ProteinMPNN ProteinMPNN  All

folding required required structure-first
designs use
ProteinMPNN
to translate final
backbone
coordinates into
amino acid
sequences.
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