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Abstract
Protein inverse folding models conditioned on structure achieve
high sequence recovery but often fail to preserve biological function
due to the lack of functional supervision. We propose a function-
aware preference alignment framework that improves functional
preservation by fine-tuning models to favor function-preserving
sequences over function-disrupting alternatives, avoiding the need
for explicit function optimization. Our approach constructs reliable
preference pairs in silico using hypothesis-driven perturbations
of critical residues and model-consistent likelihood constraints,
enabling scalable supervision without additional wet-lab measure-
ments. The resulting framework guides protein sequence design
models toward generating sequences that better preserve func-
tional integrity, while remaining compatible with existing inverse
folding pipelines such as ProteinMPNN and ESM-IF. Extensive
experiments on protein design benchmarks and enzyme datasets
with established wet-lab validation show that our fine-tuned mod-
els consistently outperform pretrained counterparts in preserving
functional integrity during protein sequence design.

CCS Concepts
• Applied computing→ Computational biology; Protein de-
sign; • Computing methodologies→ Deep learning.

Keywords
Protein Inverse Folding, Preference Alignment, Function-aware
Protein Design, Preference Optimization.
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1 Introduction
Recent progress in protein foundation models has enabled direct
protein sequence design conditioned on structural inputs, signifi-
cantly accelerating in silico protein engineering. Models such as
ProteinMPNN [5] and ESM-IF [11] take backbone geometry or
structural representations as input and generate amino acid se-
quences that are statistically compatible with the given fold. These
approaches have achieved success in sequence recovery; however,
the resulting sequences are not guaranteed to be functionally ac-
tive [35]. Protein function is often governed by a small subset of
critical residues [14], and perturbations at these sites1 can abolish
activity even when global structure is preserved [6].

A major challenge in function-aware protein design [16] is the
lack of scalable supervision. Functional annotations are primar-
ily obtained through wet-lab experiments, which are expensive
and time-consuming [36]. Consequently, large-scale datasets that
associate protein sequences or structures with functional measure-
ments are limited. While computational evaluators have been pro-
posed to guide protein design, their use still requires experimental
validation [3, 12], and no single unified function evaluator exists
that generalizes across diverse protein families and biochemical
tasks [27, 33].

In this work, we propose an alternative and scalable paradigm
that avoids directly optimizing protein function. Instead, we fine-
tune protein design models to move away from residue substitu-
tions that are likely to disrupt function. By discouraging such dele-
terious mutations, the model implicitly biases generation toward

1Throughout this work, we use “critical sites” to denote sequence positions in a
computational or modeling context, and “critical residues” to refer to their biological
interpretation as functionally indispensable amino acids.
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sequences that better preserve functional integrity, without requir-
ing explicit functional labels [1, 13]. This formulation naturally
reframes function optimization as a preference alignment problem,
where function-preserving sequences are preferred over function-
disrupting variants under the same structural context. To enable
this, we leverage established bioinformatics tools and pretrained
inverse folding models to construct function-aware supervision
signals. These signals are derived from hypothesis-driven perturba-
tions of critical residues [22, 24] and model-consistent likelihood
constraints [2, 23], allowing us to synthesize reliable preference
pairs in silico without requiring new wet-lab measurements during
training.

Concretely, we use SIFT (Sorting Intolerant From Tolerant) [15,
28], a conservation-based mutation impact predictor, to identify
functionally critical residues in protein sequences. SIFT exploits
evolutionary conservation and amino acid similarity to distinguish
tolerated substitutions from those likely to disrupt protein function.
Based on SIFT, we generate function-aware preference pairs con-
sisting of the original sequence and a negative variant produced
by introducing deleterious substitutions at critical sites. Impor-
tantly, these negative sequences are constrained to remain statisti-
cally plausible under pretrained inverse folding models, ensuring
that the supervision reflects functional degradation rather than
trivial sequence implausibility. We incorporate the constructed
function-aware preference pairs into a preference-based fine-tuning
framework for ProteinMPNN and ESM-IF. By emphasizing critical-
residues recovery and suppressing non-functional alternatives, the
model is explicitly guided to prioritize functionally critical residues
while preserving global structural compatibility.

The contributions of this work are summarized as follows:

• We reformulate function preservation in protein design as a
function-aware preference alignment (FPA) framework, al-
lowing inverse foldingmodels to prefer function-preserving
sequences over function-disrupting variants using in silico
supervision.

• We propose a hypothesis-driven, in silico supervision strat-
egy for constructing function-aware preference pairs, re-
moving the reliance on explicit functional labels or addi-
tional wet-lab measurements.

• Our FPA framework provides a scalable and model-agnostic
mechanism that encourages protein design models to gen-
erate function-preserving sequences, while remaining com-
patible with widely used inverse folding pipelines such as
ProteinMPNN and ESM-IF.

• Extensive evaluations conducted both in silico and on en-
zyme datasets with establishedwet-labmeasurements demon-
strate that our FPA framework more effectively preserves
functional properties during protein sequence design than
pretrained baselines and existing fine-tuning methods.

2 Related Work
Protein Inverse Folding. Protein inverse folding aims to generate

amino acid sequences compatible with a given target structure and
has been substantially advanced by deep learning methods. Among

existing approaches, ProteinMPNN [5] and ESM-IF [11] have be-
come widely adopted backbones, leveraging message-passing ar-
chitectures and pretrained protein language models, respectively,
to learn structure-conditioned sequence distributions. These mod-
els serve as standard baselines across inverse folding benchmarks
and are extensively used in downstream protein design pipelines.
More recent methods, such as PiFold [8] and InstructPLM [18], fur-
ther improve benchmark performance through enhanced geometric
representations or instruction tuning.

Preference Optimization for Protein Inverse Folding. Preference-
based optimization methods, including policy optimization and
Direct Preference Optimization (DPO) [19], have recently emerged
as effective tools for aligning protein inverse folding models with
target properties beyond sequence recovery [9]. Early work such as
ProteinDPO [30] applied DPO to fine-tune ESM-IF [11], encourag-
ing preference for stabilizing over destabilizing variants. In parallel,
similar paradigms have also been applied to ProteinMPNN [5]: Xu
et al. [34] leveragedDPOwith feedback from protein foldingmodels,
while Park et al. [17] explored DPO-based optimization to enhance
sequence diversity in peptide design. A more recent work [35] fur-
ther moved beyond sequence recovery by incorporating foldability
signals, such as AlphaFold pLDDT, to directly optimize protein
designability and improve in silico folding success. Beyond offline
preference optimization, ProteinZero [29] introduced an online
reinforcement learning framework for inverse folding, enabling
scalable multi-objective optimization with efficient structural feed-
back and diversity regularization.

However, existing preference optimization methods largely fo-
cus on structural or stability-related objectives, leaving functional
constraints underexplored.

3 Function-aware Protein Inverse Folding
In the following, we first introduce protein inverse folding. Building
on this, we formulate the problem of function-aware inverse folding.
We then discuss why commonly used direct preference optimiza-
tion yields limited improvements in this setting. This motivates
our function-aware preference alignment framework, designed to
handle preference signals arising from diverse and mechanistically
distinct functional perturbations.

3.1 Preliminaries
The goal of protein Inverse Folding (IF) is to generate an amino acid
sequence 𝑦 = (𝑦1, 𝑦2, . . . , 𝑦𝐿) by taking a backbone structure 𝑥 as
input, where 𝐿 is the sequence length, 𝑦𝑖 ∈ A and the amino acid
set A = {ACDEFGHIKLMNPQRSTVWY}. Generally, the protein
IF models [5, 11] are trained to predict the sequence 𝑦 from the
backbone structure 𝑥 via an auto-regressive way:

𝜋 (𝑦 | 𝑥) = 𝑝
(
𝑦1 | 𝑥

) 𝐿∏
𝑖=2

𝑝
(
𝑦𝑖 | 𝑦<𝑖 ;𝑥

)
. (1)

While most protein IF models are trained by maximizing sequence
recovery, i.e., max𝜋 (𝑦 | 𝑥), this objective is inherently limited. In
practice, it mainly promotes global structural compatibility and
overall sequence recovery, with limited ability to account for func-
tional constraints that are essential for biological activity beyond
the given backbone geometry.

2
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Figure 1: Stage-wise (Stage 2 (S2) to Stage 10 (S10)) discrimination of inactivemutations on the pMT enzyme data with established
wet-lab validation for ProteinMPNN (Left) and ESM-IF (Right). The stars denote the wild-type sequence (Stage 1). The points
represent experimentally validated inactive (negative) variants. The global score denotes the model’s output negative log-
likelihood (the lower the better). Compared with the base model, the FPA fine-tuned model has higher probability generating
wild-type sequences than negative ones, thus avoiding generating inactive sequences. See Section 4.5 for more details.

It is well established that not all residues contribute equally to
protein function. A small subset of functionally critical residues,
e.g., active-site or binding residues, largely determines functional
activity (See Fig. 1), whereas the majority of residues are more
tolerant to substitutions and have minimal impact on function.

As a result, optimizing inverse folding models solely for overall
sequence recovery often fails to produce functionally competent
sequences, even when high sequence recovery scores are achieved.
This explains why protein sequence design based on inverse folding
models still relies heavily on extensive wet-lab screening to identify
functional variants, leading to substantial experimental cost.

3.2 Identification of Functionally Critical Sites
While large-scale functional annotation via wet-lab experiments is
desirable but cost-prohibitive, we introduce a lightweight computa-
tional strategy to derive function-aware supervision from biological
priors.

In enzymology, it is well established that protein function is
often governed by a small subset of functionally important residues,
whose perturbation can disproportionately impair structural stabil-
ity, catalytic activity, or molecular recognition [25, 26]. Motivated
by this observation, we formalize such positions at the sequence
level as critical sites, which serve as the basis for our function-aware
preference construction.

Definition 1 (Functionally Critical Sites). Given a protein sequence
𝑦 of length 𝐿, the critical sites are defined as a subset of residue
positions F (𝑦) ⊆ {1, 2, . . . , 𝐿} such that, ∀𝑖 ∈ F (𝑦), substitutions
at position 𝑖 are expected to result in a substantial degradation of
protein function—as quantified by a scoring function 𝜙 . Namely,

F (𝑦) = {𝑖 ∈ {1, 2, . . . , 𝐿} | 𝜙 (𝑖 | 𝑦, 𝑥) > 𝜏} ,

where 𝜙 (𝑖 | 𝑦, 𝑥) ∈ R is a residue-level scoring function that aggre-
gates mutation-induced functional effects at residue 𝑖 , and 𝜏 is a
predefined threshold.

SIFT-based functional impact scoring. To instantiate the scoring
function 𝜙 in a biologically grounded yet scalable manner, we adopt
SIFT (Sorting Intolerant From Tolerant) [15, 28], a widely used

evolutionary conservation–based predictor of mutation impact.
Formally, given a protein sequence 𝑦, SIFT provides substitution-
level tolerance scores 𝑠 (𝑖, 𝑎) for mutating the wild-type residue 𝑦𝑖
at position 𝑖 to amino acid 𝑎 ∈ A \ {𝑦𝑖 }. Lower scores indicate a
higher likelihood that the substitution is functionally deleterious.

To obtain a residue-level functional impact score, we aggregate
substitution-level intolerance across all possible mutations at each
position. Specifically, we define the SIFT-based functional impact
score as

𝜙SIFT (𝑖 | 𝑦) =
1

|A \ {𝑦𝑖 }|
∑︁

𝑎∈A\{𝑦𝑖 }
I
[
𝑠 (𝑖, 𝑎) ≤ 𝜖

]
,

where I[·] denotes the indicator function and 𝜖 is set to 0.05 follow-
ing the standard SIFT criterion for deleterious substitutions.

This formulation measures the fraction of possible amino acid
substitutions at position 𝑖 that are predicted to be functionally in-
tolerant, thereby capturing the overall sensitivity of that residue to
mutation. Accordingly, critical sites for sequence 𝑦 are identified as

F (𝑦) = {𝑖 ∈ {1, 2, . . . , 𝐿} | 𝜙SIFT (𝑖 | 𝑦) > 𝜏} , (2)

where 𝜏 controls the stringency of functional intolerance.

3.3 Function-aware Preference Pairs
Building on the identified functionally critical sites as biological
priors, we construct synthetic function-aware preference pairs that
can be directly used for model training.

Assumption 2 (Hypothetical Function-aware Preference Pair).
Given a protein sequence 𝑦, let F (𝑦) denote its functionally critical
sites. We hypothesize that introducing deleterious substitutions
at one or more functionally critical sites F (𝑦) is likely to result
in a degradation of protein function2. Accordingly, a synthetically
perturbed sequence 𝑦− can be constructed as follows:

𝑦−𝑖 =

{
𝑎, 𝑎 ∈ A \ {𝑦𝑖 }, 𝑖 ∈ F (𝑦),
𝑦𝑖 , 𝑖 ∉ F (𝑦),

(3)

2This hypothesis is consistent with established observations in protein biology that
perturbations at conserved or functionally critical residues can disproportionately
affect functional activity.

3
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Then, we define a hypothetical function-aware preference pair
(𝑦+, 𝑦−), where the wild-type sequence 𝑦 is treated as the positive
sequence 𝑦+ that is known to be functionally competent, and 𝑦−
is hypothesized to be function-disrupting due to perturbations at
critical residues.

Synthetic perturbations introduced at functionally critical sites
F (𝑦) provide a natural way to construct negative sequences. How-
ever, not all such synthetically perturbed sequences are informative
for fine-tunings IF models. In practice, many negative sequences
are trivially implausible, as they fail to remain compatible with the
given backbone structure and can be easily rejected by the IF model
itself. Including such trivial negatives provides limited training sig-
nal and does not meaningfully improve functional discrimination.

This observation motivates the construction of hard negative
sequences, defined as negative variants that remain structurally
plausible under the given backbone yet are incorrectly favored by
the base IF model. To identify such hard negatives, we leverage
the log-likelihood scores produced by the base IF model as a proxy
for backbone compatibility. Since IF models are trained to assign
higher likelihood to sequences consistent with a given backbone,
the model likelihood naturally reflects structural plausibility under
the design objective.

Definition 3 (Hard Negative Sequence Mining). Given a back-
bone structure 𝑥 , a positive sequence 𝑦+, and a set of synthetically
perturbed sequences Y− = {𝑦−} generated by mutating residues
at critical sites F (𝑦+), we define a sequence 𝑦− ∈ Y− as a hard
negative if it satisfies

log𝜋 (𝑦− | 𝑥) ≥ log𝜋 (𝑦+ | 𝑥) + 𝜐, (4)

where 𝜋 (𝑦 | 𝑥) denotes the conditional likelihood assigned by the
base IF model, and 𝜐 is a tolerance threshold.

By emphasizing hard negative sequences that remain structurally
plausible yet are incorrectly favored by the model, this mining
strategy concentrates training on biologically meaningful failure
cases. The resulting preference pairs (𝑦+, 𝑦−) therefore provide
a weak but biologically grounded supervision signal for protein
function, enabling effective fine-tuning of protein sequence design
models without relying on explicit functional annotations, structure
prediction pipelines, or additional wet-lab experiments.

Detailed descriptions of the data construction process are pro-
vided in Section A of the Appendix.

3.4 Function-aware Preference Alignment
According to Definition 3, for each backbone 𝑥 , we obtain a pref-
erence pair (𝑦+, 𝑦−), where 𝑦+ is a function-preserving sequence
(the ground-truth/wild-type) and 𝑦− is a synthetically perturbed
variant that is hypothesized to disrupt protein function. We now
describe how to use these signals to fine-tune protein IF models.

Let 𝜋𝜃 (𝑦 | 𝑥) denote a parameterized IF model that generates
a protein sequence 𝑦 conditioned on a backbone structure 𝑥 , and
let 𝜋ref (𝑦 | 𝑥) denote a fixed reference model initialized from the
pretrained IF model.

3.4.1 Direct Preference Optimization (DPO). A widely adopted par-
adigm for preference-based fine-tuning is DPO, which increases
the likelihood of outputs preferred according to a predefined target

criterion (e.g., stability, foldability, or diversity), while suppress-
ing dispreferred ones relative to a reference model [19]. Under
a Bradley–Terry assumption, the DPO loss for a preference pair
(𝑦+, 𝑦−) conditioned on 𝑥 is given by

ℓDPO (𝑥,𝑦+, 𝑦−) = − log𝜎 (𝑎 − 𝑏), (5)

where 𝜎 (·) denotes the logistic sigmoid. 𝑎, 𝑏 refer to the relative
log-likelihood ratios, i.e.,

𝑎 = 𝛽 log
𝜋𝜃 (𝑦+ | 𝑥)
𝜋ref (𝑦+ | 𝑥) , 𝑏 = 𝛽 log

𝜋𝜃 (𝑦− | 𝑥)
𝜋ref (𝑦− | 𝑥) , (6)

and 𝛽 is a scaling factor, controlling the alignment strength.
Recent studies have shown that the majority of DPO variants

suffer from the squeezing effect [21], whereby the likelihoods of
both preferred and dispreferred samples are reduced, with probabil-
ity mass shifted toward unobserved argmax candidates. In protein
IF models, such likelihood displacement can be undesirable, as pos-
itive sequences typically correspond to ground-truth or wild-type
proteins and should not be penalized during fine-tuning.

Moreover, DPO implicitly assumes that preference data follow a
single, transitive ranking criterion [31]. This assumption may not
hold for our function-aware preferences, where function disruption
can arise from diverse and non-comparable mechanisms, including
impaired structural stability, catalytic activity, or molecular recog-
nition. As a result, directly applying DPO may fail to achieve the
desired alignment and can even degrade performance.

3.4.2 Preference Optimization Based on SPPO. To address the lim-
itations of DPO, which adjusts only the likelihood gap (i.e., the
log-likelihood difference) between preferred and dispreferred se-
quences, Wu et al. [32] proposed self-play preference optimization
(SPPO). SPPO frames preference learning as an alignment problem
with respect to the model’s own distribution. Formally, given a
preference oracle 𝑃 (𝑦 ≻ 𝑦′ | 𝑥), SPPO fits the log-likelihood ratio
of a candidate sequence to the preference signal via a quadratic
regression objective:

ℓSPPO (𝑥,𝑦 | 𝜋𝑡 ) =
[
𝛽 log

𝜋𝜃 (𝑦 | 𝑥)
𝜋𝑡 (𝑦 | 𝑥) −

(
𝑃 (𝑦 ≻ 𝜋𝑡 | 𝑥) −

1
2
) ]2
,

where 𝑃 (𝑦 ≻ 𝜋𝑡 | 𝑥) = E𝑦′∼𝜋𝑡 ( · |𝑥 ) [𝑃 (𝑦 ≻ 𝑦′ | 𝑥)] and 𝜋𝑡 denotes
the current policy.

Unlike DPO, which optimizes only the log-likelihood difference,
SPPO applies separate updates to the preferred and dispreferred
samples, thereby mitigating the squeezing effect [21]. Such decou-
pled updates are particularly important in protein sequence design,
where preference supervision is biologically heterogeneous.

Moreover, for a given backbone structure 𝑥 , we construct a single
function-aware preference pair (𝑦+, 𝑦−), where the ground-truth
sequence 𝑦+ is functionally competent and the perturbed variant
𝑦− is hypothesized to be function-disrupting, which induces a de-
terministic preference label:

P(𝑦+ ≻ 𝑦− | 𝑥) = 1, P(𝑦− ≻ 𝑦+ | 𝑥) = 0.

Under this hard-label, single-pair regime, the self-play preference
score reduces to 𝑃 (𝑦+ ≻ 𝜋𝑡 | 𝑥) = 1 and 𝑃 (𝑦− ≻ 𝜋𝑡 | 𝑥) = 0, and the
SPPO objective simplifies to a symmetric pairwise alignment loss.
Building on this observation, we propose our Function-aware Pref-
erence Alignment (FPA) framework tailored to hypothesis-driven

4



465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

Function-aware Protein Inverse Folding KDD’26, August 09–13, 2026, Jeju, Korea

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

functional signals in protein inverse folding (See Appendix Sec-
tion B for details.). Let 𝑎, 𝑏 denote the relative log-likelihood ratios
defined in Eq. (6). The FPA loss is given by

ℓSeq (𝑥,𝑦+, 𝑦−) =
(
𝑎 − 1

2

)2
+
(
𝑏 + 1

2

)2
, (7)

which explicitly encourages increasing the likelihood of the function-
preserving sequence 𝑦+ while suppressing that of the function-
disrupting variant 𝑦− , both measured relative to a frozen reference
IF model.

Intuitively, Eq. (7) reshapes the local likelihood landscape around
functionally critical residues, biasing sequence generation toward
functional integrity while preserving the structural compatibility
and background statistics learned by the pretrained model. This
makes our FPA well suited for fine-tuning inverse folding models
under biologically motivated, non-transitive, and in silico prefer-
ence supervision.

3.4.3 Critical-site-aware Preference Alignment. A key biological
property exploited by FPA is that functional constraints are typi-
cally localized to a small subset of residues, while the majority of
positions primarily contribute to structural stability or sequence
background. To reflect this locality, FPA supports residue-level
preference alignment by restricting preference-driven updates to
functionally critical sites, while leaving functionally neutral regions
largely unconstrained.

Therefore, we define a residue-level preference objective by ap-
plying the preference alignment loss exclusively to the functionally
critical sites indexed by F (𝑦+):

ℓResidue (𝑦+, 𝑦−, 𝑥, F ) =
(
𝑎F − 1

2
)2 + (

𝑏F + 1
2
)2
, (8)

where the relative log-likelihood ratios are also calculated at func-
tionally critical sites, i.e.,

𝑎F = 𝛽 log
𝜋𝜃 (𝑦+F | 𝑥)
𝜋ref (𝑦+F | 𝑥) , 𝑏F = 𝛽 log

𝜋𝜃 (𝑦−F | 𝑥)
𝜋ref (𝑦−F | 𝑥) .

This formulation localizes preference gradients to functionally crit-
ical residues, directly promoting accurate recovery and discrimina-
tion at residues most relevant to protein function, while avoiding
unnecessary perturbations to the global sequence distribution.

While residue-level preference alignment focuses learning on
critical sites, optimizing only these positions can still induce drift in
non-critical regions through shared model parameters. To preserve
the generative behavior and structural compatibility learned by
the pretrained inverse folding model, we introduce an auxiliary
cross-entropy (CE) objective over the positive sequences only:

ℓCE (𝑦+, 𝑥) = −
𝐿∑︁
𝑖=1

log𝜋𝜃 (𝑦+𝑖 | 𝑥). (9)

Rather than encoding functional preference, this term acts as a
stabilizing anchor that preserves the pretrained generative prior,
allowing controlled deviations at critical residues while limiting
undesired degradation of sequence plausibility or structural com-
patibility elsewhere.

The final training objective for our FPA framework combines lo-
calized preference alignment with global generative regularization:

LFPA =
∑︁

(𝑦+,𝑦− ,𝑥 )

[
ℓRes (𝑦+, 𝑦−, 𝑥, F ) + 𝜆ℓCE (𝑦+, 𝑥)

]
, (10)

where 𝜆 ≥ 0 controls the strength of the generative regularization.
Together, Eq. (10) enables FPA to integrate localized biological priors
into preference-based optimization, achieving function-aware fine-
tuning of protein sequence design models entirely through in silico
supervision.

The overall training procedure focuses on preference-driven
updates at positions where positive and negative sequences dif-
fer, encouraging the model to increase the likelihood of function-
preserving variants while suppressing function-disrupting alter-
natives relative to a frozen reference model. The scaling factor
𝛽 modulates the contribution of each differing residue to the to-
tal FPA loss, allowing the strength of preference alignment to be
tuned according to the desired sensitivity to functionally critical
perturbations.

4 Experiment
In this work, we build upon ProteinMPNN [5] and ESM-IF [11] as
representative base models to study function-aware inverse folding
fine-tuning.

4.1 Experimental Setup
Dataset. All experiments are conducted on the CATH 4.2 40%

non-redundant dataset [5], which serves as the pretrained data
source for ProteinMPNN, and we follow the original data splitting
protocol. Based on this dataset, we construct our function-aware
preference dataset as described in Section A.1 in Appendix. To pre-
vent data leakage due to partial overlap between the pretrained
datasets of ProteinMPNN and ESM-IF, we apply an additional fil-
tering step that enforces mutual exclusivity among the training,
validation, and test splits. Dataset statistics after filtering are sum-
marized in Table 4 in Appendix.

Evaluation Metrics. We evaluate our function-aware inverse fold-
ing using the following four metrics.

• Perplexity (PPL) measures the model’s uncertainty in
predicting the protein sequence𝑦+ given its backbone struc-
ture𝑥 . PPL(𝑦 | 𝑥) = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
exp

(
− 1
𝐿

∑𝐿
𝑖=1 log𝜋𝜃 (𝑦+𝑖 |

𝑥)
) ]
, where 𝜋𝜃 (𝑦+𝑖 | 𝑥) is the model’s probability for residue

𝑦+𝑖 at position 𝑖 .
• Sequence recovery (Rec) measures the average fraction

of residues in generated sequences that match the ground-
truth sequence under a given backbone structure: Rec =

E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
max
𝑘=1,...,𝐾

1
𝐿

∑𝐿
𝑖=1 I[𝑦

(𝑘 )
𝑖

= 𝑦+𝑖 ]
]
.

• Critical Site Recovery (CSR) measures the average re-
covery restricted to perturbed (critical) residues: CSR =

E(𝑦+,𝑦− ,𝑥 )
[
max𝑘=1,...,𝐾 1

| C |
∑
𝑖∈C I[𝑦 (𝑘 )

𝑖
= 𝑦+𝑖 ]

]
.

• Preference accuracy (ACC)measures the fraction of pref-
erence pairs in which the likelihood of the positive se-
quence is higher than that of the negative variant under
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Table 1: Evaluation of FPA for fine-tuning ProteinMPNN and ESM-IF on single-chain (Single) and multi-chain (Multi) test sets.
Best results are marked in bold, and second-best results are underlined.

Perplexity ↓ Sequence Recovery (%) ↑ Critical Site Recovery (%) ↑
Single Multi Single Multi Single Multi

ProteinMPNN 4.55 4.03 50.40 51.04 16.93 16.73
+DPO 7.19 6.27 37.47 37.45 21.64 22.78
+SPPO 4.44 3.94 50.64 51.33 17.50 17.17
+FPA (ours) 4.38 3.92 51.39 51.87 20.08 21.45
ESM-IF 3.80 3.77 60.63 60.46 20.59 20.59
+DPO 7.69 7.80 42.52 42.04 34.29 32.91
+SPPO 3.76 3.71 61.11 60.87 23.90 23.04
+FPA (ours) 3.41 3.50 62.63 61.81 31.22 30.50
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Figure 2: Pairwise preference accuracy of FPA fine-tuned vs. base models on single-chain and multi-chain test sets for
ProteinMPNN (Left) and ESM-IF (Right), respectively.

the same backbone: ACC = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
I
[
log𝜋𝜃 (𝑦+ |

𝑥) > log𝜋𝜃 (𝑦− | 𝑥)
] ]
.

For notational convenience, we express all expectations as being
taken uniformly over 𝐷test, although in practice some metrics de-
pend only on the ground-truth sequence 𝑦+. To simplify notation,
we denote the sequence length uniformly as 𝐿, despite variations
across different sequences. For each test backbone structure 𝑥 with
a corresponding preference pair (𝑦+, 𝑦−), all sequence-level met-
rics are computed using the full sequences without masking. For
residue-level preference evaluation, we restrict the analysis to the
set of perturbed (critical) positions C = {𝑖 | 𝑦+𝑖 ≠ 𝑦−𝑖 }, where
function-aware mutations are introduced.

4.2 Benchmark Evaluation
Table 1 presents the quantitative evaluation results of FPA when
fine-tuning ProteinMPNN and ESM-IF on the test sets, in compari-
son with baseline methods.

Table 1 show that: (1) FPA-based fine-tuning consistently achieves
notable improvements over both base models across all three met-
rics. (2) While sequence recovery improves only modestly after fine-
tuning, FPA consistently boosts recovery at functionally critical
sites across both models, indicating that function-aware preference

alignment focuses learning on biologically relevant residues with-
out sacrificing global sequence fidelity or structural plausibility. (3)
SPPO-based method yields consistent yet modest gains over the
base model, this result underscores that our residue-level prefer-
ence optimization better directs the model toward function critical
sites, thereby enabling more efficient function alignment. (4) In
contrast, DPO-based methods exhibit a clear trade-off, achieving
relatively high critical site recovery at the cost of degraded per-
plexity and overall sequence recovery, which indicates reduced
structural plausibility.

Preference accuracy reflects the model’s ability to prioritize the
generation of function-preserving sequences, thereby reducing the
burden of wet-lab screening. Fig. 2 respectively presents the pair-
wise preference accuracy of the base models (ProteinMPNN and
ESM-IF), as well as our FPA fine-tuned models, on the test set.

Fig. 2 shows that: (1) After fine-tuning, compared to the two
base models, our FPA framework can significantly enhance the
model’s ability to perceive protein function, thereby increasing
the likelihood of generating function-preserving sequences. (2)
Both ProteinMPNN and ESM-IF exhibit relatively low pairwise
preference accuracy. This is because only hard preference cases
were selected, where both base models are prone to assign a higher
likelihood to the function-disrupting sequence than to the function-
preserving one.
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Table 2: Ablation studies of key design choices in Eq. (10). “CE”
indicates the use of the cross-entropy loss, whereas “Mask”
indicates the adoption of the residue-level loss in Eq. (8).

Base Model CE Mask
Sequence

Recovery (%) ↑
Critical Site

Recovery (%) ↑
Single Multi Single Multi

ProteinMPNN
✓ 50.91 51.57 18.32 17.59

✓ 34.60 34.48 24.28 24.43
✓ ✓ 51.39 51.87 20.08 21.45

ESM-IF
✓ 63.16 62.35 27.85 26.50

✓ 41.81 41.40 35.51 35.63
✓ ✓ 62.63 61.81 31.22 30.50

4.3 Ablation Study
We conduct ablation studies to examine the contribution of different
components and the sensitivity to key hyperparameters. In partic-
ular, we analyze the effects of the cross entropy loss, the residue
mask, and the hyperparameter 𝜆.

From Table 2, we can find that: (1) using either the cross-entropy
(CE) loss or the residue-level mask alone yields limited and unbal-
anced improvements: CE mainly benefits full sequence recovery
but performs poorly on critical-site recovery, while the mask-only
variant substantially improves critical-site recovery but sacrifices
overall sequence recovery. (2) In contrast, combining CE with the
residue-level mask leads to large and consistent gains on both se-
quence recovery and critical-site recovery in both single-chain
and multi-chain settings, demonstrating strong complementarity
between global sequence modeling and residue-level functional
supervision.

Table 3 further studies the influence of 𝜆, which balances sequence-
level fidelity and residue-level preference optimization. We observe
consistent trends across both backbones. (1) Setting 𝜆 = 0 (i.e., with-
out cross-entropy) leads to a substantial improvement in critical-site
recovery but scarifies sequence recovery. (2) Increasing 𝜆 improves
sequence recovery but generally degrades critical-site recovery, sug-
gesting that overly emphasizing the cross-entropy loss can weaken
functional alignment. (3) Importantly, the optimal trade-off differs
across backbones: 𝜆 = 0.2 provides the best balance for Protein-
MPNN, whereas 𝜆 = 1.0 achieves the most favorable compromise
for ESM-IF. Accordingly, we adopt 𝜆 = 0.2 for ProteinMPNN-based
experiments and 𝜆 = 1.0 for ESM-IF-based experiments for compar-
ison with other baselines.

4.4 Residue-level Predictive Distributions
To qualitatively examine how FPA alters residue-level modeling
behavior, we visualize sequence logos derived from the output logits
of the ProteinMPNN base model and the FPA fine-tuned model on
a wild-type (WT) protein sequence in Fig. 3 (ESM-IF’s result put in
Appendix Fig. 4). Each logo summarizes the per-position amino-acid
distribution predicted by the model. At each residue position, logos
are constructed from the model output logits (𝐿 × 20) converted
into information-content representations.

Table 3: Ablation studies on 𝜆 in Eq. (10). We adopted 𝜆 = 0.2
for proteinMPNN and 𝜆 = 1 for ESM-IF as the setting we used
for comparison with other baselines.

Base Model 𝜆

Sequence
Recovery (%) ↑

Critical Site
Recovery (%) ↑

Single Multi Single Multi

ProteinMPNN

0.0 34.60 34.48 24.28 24.43
0.2 51.39 51.87 20.08 21.45
0.5 52.06 52.59 18.84 19.56
1.0 52.30 52.78 18.69 19.42
2.0 52.34 52.86 18.88 19.24

ESM-IF

0.0 41.81 41.40 35.51 35.63
0.2 59.60 58.79 35.11 35.51
0.5 62.89 62.15 29.89 29.58
1.0 62.63 61.81 31.22 30.50
2.0 63.00 62.13 29.91 29.38

Fig. 3 and Fig. 4 show that: (1) The base model distributes prob-
ability mass broadly across many amino acids, including at func-
tionally critical sites, reflecting its objective of maximizing overall
sequence recovery rather than prioritizing residues essential for
function. Consequently, although the base model can achieve high
global recovery, it may substitute critical residues and generate
function-disrupting designs. (2) In contrast, the FPA fine-tuned
model produces much sharper and more confident distributions
at critical sites, assigns substantially higher probability to the WT
residues, and corrects many mispredictions made by the base model,
while remaining relatively flexible at non-critical sites. (3) Overall,
these results demonstrate that FPA shifts the model’s focus toward
function-determining residues, enabling selective preservation of
critical sites without sacrificing sequence diversity. This provides di-
rect qualitative evidence that residue-level preference optimization
promotes function-preserving protein sequence design.

4.5 Case Study with Wet-lab Validation
To evaluate whether FPA enhances the ability of inverse folding
models to distinguish function-disrupting mutations from the wild-
type sequence, we perform a stage-wise analysis on an in-house
dataset on the enzyme promiscuousmethyltransferase (pMT) [4, 20].
Starting from a WT enzyme (Stage 1), the dataset consists of nine
rounds of expert-guided mutagenesis, where the best-performing
variant from each round serves as the seed for the next. All variants
are experimentally characterized by wet-lab assays, with few or no
inactive variants observed in Stages 5–6.

For each stage, we treat the WT sequence as the reference point
and all experimentally confirmed inactive variants as negative
points. Each sequence–structure pair is evaluated by both the base
model and the FPA fine-tuned model, where lower scores indicate
better structural compatibility. Fig. 1 shows that: (1) Both FPA fine-
tuned models consistently assign higher scores to negative variants
than to the WT sequence across almost all stages, indicating an
improved ability to recognize function-disrupting mutations. More-
over, the score gap increases in later stages, where more mutations

7



813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

KDD’26, August 09–13, 2026, Jeju, Korea Tamatgar et al.

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

Figure 3: Sequence-logo visualization of residue-level predictive distributions for the wild-type (WT) sequence from the
ProteinMPNN base model (top) and our FPA fine-tuned model (bottom). The WT residues are displayed above each position,
while functionally critical sites are highlighted by shaded background columns and red triangle markers. Residues mispredicted
by ProteinMPNN but correctly recovered by our model are marked with “×”.

accumulate, suggesting strengthened discriminative power under
higher mutational complexity. (2) The base models exhibit a similar
but much weaker trend, with substantial overlap between negative
and the WT sequence in early stages (Stages 2–4), and even up to
Stage 7 for the ProteinMPNN base model. This behavior reflects
their emphasis on global sequence recovery rather than explicitly
penalizingmutations at function-critical residues, which limits their
ability to guarantee function-preserving designs. (3) For both base
and FPA fine-tuned models, ESM-IF consistently outperforms Pro-
teinMPNN, which is consistent with the results reported in Table 1.
This advantage is likely attributable to the larger training corpus
and higher model capacity of ESM-IF. (4) Overall, these results
provide wet-lab–grounded evidence that our function-aware pref-
erence alignment improves the identification of function-disrupting
mutations and enhances the reliability of functional protein design.

5 Conclusion
Wepresented a function-aware preference alignment framework for
protein inverse folding that improves functional robustness by guid-
ing models to favor function-preserving residues, without requiring
explicit functional optimization or additional wet-lab experiments.
By constructing function-aware preference pairs entirely in silico,
our approach enables scalable fine-tuning of existing inverse fold-
ing models while remaining compatible with widely used pipelines
such as ProteinMPNN and ESM-IF. Importantly, wet-lab validation
on enzyme datasets demonstrates that the fine-tuned models can
explicitly distinguish functionally critical residues from non-critical

positions. This behavior reflects a biologically meaningful shift in
model focus from global sequence plausibility toward residue-level
functional constraints, aligning protein sequence generation more
closely with known principles of protein function. As such, our
framework provides a practical step toward protein design models
that are not only structure-aware, but also sensitive to themolecular
determinants of biological activity.

6 Limitations and Ethical Considerations
Our preference supervision is constructed in silico using bioin-
formatics signals (e.g., SIFT-guided critical-site perturbations) and
model-based plausibility constraints. These proxies provide only
an approximation to biochemical function and may miss context-
dependent effects (e.g., epistasis, conformational dynamics, or assay-
specific conditions). Importantly, while our FPA does not require
additional wet-lab measurements, we validate the approach using
benchmark experiments on an in-house enzyme dataset with wet-
lab readouts; nevertheless, broader generalization across protein
families, assays, and operating conditions remains to be established.

This work uses publicly available protein sequence–structure
resources and does not involve human subjects or personal data.
Protein design methods can raise dual-use concerns; our approach
does not introduce new capabilities beyond existing inverse fold-
ing backbones, but rather improves functional consistency under
structural constraints. Practical deployment should follow standard
biosafety and responsible research practices, including appropriate
experimental screening, documentation, and biosecurity oversight.
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A Data Preparation and Function-aware
Pairwise Preference Construction

In this section, we describe the datasets used in this work, including
their sources, sizes, and train–validation–test splits. All sequences
were filtered to remove incomplete or low-quality samples prior to
training.

A.1 Dataset Preparation
We directly build our dataset upon the ProteinMPNN dataset (PDB
release 2021-08-02) [5] by constructing function-aware preference
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pairs from its curated protein sequences, which includes PDB chain
identifiers, amino acid sequences, resolution, and cluster assign-
ments. To ensure high-quality data, we retained only structures
with resolution ≤ 3.5 Å and sequence lengths below 10,000 residues.
Dataset splits (training, validation, test) were determined using pre-
computed non-overlapping structural clusters.

For each backbone structure 𝑥 , ProteinMPNN in inference mode
produces a log-probability matrix of size 𝐿 × 21, where 𝐿 is the se-
quence length and the 21 columns represent the 20 standard amino
acids plus a token for unknown residues. These matrices were
stored while preserving the amino acid order, facilitating uniform
tabular representation for large-scale analyses such as sequence
scoring, likelihood computation, and comparative evaluation across
splits.

ESM-IF inference is modified during dataset preparation to pro-
duce a log-probability matrix to ensure comparability of magnitude
of log-probability with ProteinMPNN. The ESM-IF base model uses
a vocabulary of size 35, producing a logit matrix of size 𝐿 × 35. We
restricted the output distribution to the 21 tokens of ProteinMPNN
by removing logits that correspond to non-standard amino acid or
auxiliary tokens prior to softmax operation. The remaining logits
are renormalized during softmax and produce 𝐿×21 log probability
matrix that is directly comparable across models.

A.2 SIFT-Based Mutational Analysis
To assess residue-level mutational sensitivity, we applied SIFT (Sort-
ing Intolerant From Tolerant) to all ground-truth protein sequences.
For each protein, we enumerated all possible single–amino-acid sub-
stitutions by mutating each residue to the 19 alternative standard
amino acids, excluding identity substitutions. Residue positions
containing ambiguous amino acids (e.g., “X”) were excluded from
mutation analysis to avoid introducing uncertainty. All variants
were generated using a preprocessing script compatible with SIFT
input requirements.

SIFT predicts the functional impact of each amino acid substitu-
tion based on evolutionary conservation and amino acid similarity,
producing a score in the range [0, 1], where scores ≤ 0.05 indicate
substitutions likely to be deleterious. Additional outputs include
alignment-derived statistics such as effective sequence diversity
and conservation scores. Variants labeled as NOT SCORED by SIFT
were removed during post-processing. Following standard prac-
tice, substitutions initially classified as DELETERIOUS but associated
with low conservation (median conservation score > 3.5) were
reclassified as TOLERATED, reflecting reduced selective constraint
at the corresponding positions.

For each residue position, we aggregated the sets of tolerated and
non-tolerated amino acids, always including the wild-type residue
in the tolerated set. This procedure yields a residue-level mutational
tolerance profile for each protein, which serves as a biologically
grounded signal for identifying functionally critical sites across the
dataset.

A.3 SIFT-Guided Function-aware Preference
Construction

We refer to the pairwise preferences constructed as hypothetical
function-aware preferences. Here, “hypothetical” indicates that

these preference pairs are synthetically generated through function-
aware perturbations, rather than derived from direct experimental
functional annotations.

To generate negative sequences that are biologically constrained
yet statistically plausible, we integrate residue-level mutational tol-
erance information from SIFT with sequence likelihoods provided
by ProteinMPNN and ESM-IF. For each ground-truth (GT) se-
quence, we consider only residue positions at which SIFT predicts
a unique tolerated amino acid that matches the GT residue, while
multiple non-tolerated substitutions exist. Positions containing am-
biguous amino acids (e.g., X) or lacking reliable SIFT annotations are
excluded frommutation and retain the GT residue, in order to avoid
introducing uncertainty or disrupting backbone compatibility.

Formally, let 𝑇𝑖 and 𝑁𝑖 denote the SIFT-predicted tolerated and
non-tolerated amino acid sets at position 𝑖 , respectively. We define
the set of SIFT-identified critical sites as

F (𝑦) = {𝑖 ∈ {1, 2, . . . , 𝐿} | (𝑇𝑖 = {𝑦𝑖 }) ∧ (|𝑁𝑖 |> 10)} . (11)

Candidate substitutions are then drawn from the corresponding
Predict Not Tolerated set 𝑁𝑖 provided by SIFT, reflecting mutations
that are likely to impair protein function.

Furthermore, for each candidate residue 𝑎 ∈ A at position 𝑖 , we
compute per-residue log-likelihoods 𝜋 P

𝑖
(𝑎 | 𝑥) and 𝜋 E

𝑖
(𝑎 | 𝑥) under

ProteinMPNN and ESM-IF, respectively. To ensure that candidate
mutations remain compatible with the given backbone structure,
we introduce a tolerable log-likelihood deviation parameter 𝜏 =

−0.1, which controls how much higher a candidate’s likelihood
must be relative to that of the ground-truth residue. A candidate
residue 𝑎 ∈ A at position 𝑖 is accepted only if both models satisfy
the following criteria with respect to the ground-truth residue 𝑦𝑖 .
Namely

Cℎ (𝑖 | 𝑥) =
{
𝑎 ∈ 𝑁𝑖

���� ∧
∗∈{P,E}

[
𝜋∗
𝑖 (𝑎 | 𝑥) ≥ 𝜋∗

𝑖 (𝑦𝑖 | 𝑥) + 𝜏
]}
. (12)

We define the hard-filtered critical-site set as the subset of SIFT
critical sites for which at least one hard candidate substitution
exists:

Fℎ (𝑦 | 𝑥) = {𝑖 ∈ F (𝑦) | Cℎ (𝑖 | 𝑥) ∩ 𝑁𝑖 ≠ ∅} . (13)

All valid candidate substitutions are then aggregated across posi-
tions, and up to 𝑘 multi-site substitution combinations are sampled
using a permutation-based strategy. Specifically, Let Fℎ (𝑦 | 𝑥) and
{Cℎ (𝑖 | 𝑥)}𝑖∈Fℎ (𝑦 |𝑥 ) be defined as above. We sample up to 𝑘 distinct
multi-site mutation setsM = {M 𝑗 }𝑘𝑗=1 such that

M 𝑗 ⊆
⋃

𝑖∈Fℎ (𝑦 |𝑥 )
{(𝑖, 𝑎) |𝑎 ∈ Cℎ (𝑖 | 𝑥) ∩ 𝑁𝑖 } , 𝑗 = 1, . . . , 𝑘, (14)

where each combinationM 𝑗 induces a distinct negative sequence
by applying all substitutions (𝑖, 𝑎) ∈ M 𝑗 to 𝑦, allowing us to con-
struct diverse function-disrupting variants while maintaining over-
all structural plausibility.

In addition to model-likelihood-based hard negatives, a small
fraction of additional negative sequences were generated by sam-
pling from SIFT non-tolerated amino acids set at critical sites with-
out other constraint.

Overall, this procedure combines biologically motivated muta-
tional constraints derived from SIFT with model-based structural

10
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likelihoods from ProteinMPNN and ESM-IF. The 𝜏-relaxation en-
sures that negative sequences remain statistically consistent with
strong inverse folding models, while permutation-based sampling
yields diverse yet minimally perturbed variants suitable for down-
stream preference-based fine-tuning and evaluation.

A.4 Preventing Data Leakage
To prevent data leakage from ESM-IF pre-training dataset, we ex-
plicitly filtered out overlapping splits across training, validation
and test sets. For instance, any samples that appear in validation
or test splits of the ESM-IF1 pre-training dataset were removed
from our training set. Similarly, samples included in other splits
in pre-training were excluded from the test set and validation set
with the same filtering strategies. The resulting dataset sizes after
filtering are in Table 4.

This issue does not arise for ProteinMPNN, as its dataset explic-
itly provides non-overlapping training, validation, and test splits.
These precautions ensure that downstream evaluation reflects gen-
uine generalization to unseen protein sequences.

B Detailed derivation from the SPPO loss to the
FPA loss

Webuild our fine-tuning objective on Self-Play Preference Optimiza-
tion (SPPO) [32], which frames preference learning as an alignment
problem with respect to the model’s own distribution. Let 𝜋𝜃 (· | 𝑥)
denote the current inverse folding model and 𝜋𝑡 (· | 𝑥) the current
policy (in practice, we instantiate 𝜋𝑡 by a fixed reference model,
i.e., 𝜋𝑡 = 𝜋ref). SPPO assumes access to a pairwise preference oracle
𝑃 (𝑦 ≻ 𝑦′ | 𝑥) and lifts it to a self-play preference score against 𝜋𝑡
by averaging over candidates sampled from 𝜋𝑡 :

𝑃 (𝑦 ≻ 𝜋𝑡 | 𝑥) = E𝑦′∼𝜋𝑡 ( · |𝑥 )
[
𝑃 (𝑦 ≻ 𝑦′ | 𝑥)

]
. (15)

SPPO then fits the log-likelihood ratio of a candidate sequence 𝑦 to
this preference signal via a quadratic regression objective:

ℓSPPO (𝑥,𝑦 | 𝜋𝑡 ) =
[
𝛽 log

𝜋𝜃 (𝑦 | 𝑥)
𝜋𝑡 (𝑦 | 𝑥) −

(
𝑃 (𝑦 ≻ 𝜋𝑡 | 𝑥) −

1
2
) ]2
, (16)

where 𝛽 > 0 controls the strength of alignment. Unlike DPO, which
optimizes only the positive–negative gap, SPPO applies separate
calibration targets to individual samples. This decoupling is par-
ticularly desirable in protein sequence design, where preference
supervision is typically sparse and biologically heterogeneous (e.g.,
functional disruption may arise from stability, catalysis, or binding
defects).

B.1 Hard-label single-pair preferences
In our setting, each backbone 𝑥 is associated with a single function-
aware preference pair (𝑦+, 𝑦−), where 𝑦+ is the wild-type (ground-
truth) sequence assumed to be functionally competent, and 𝑦− is
a synthetically perturbed variant (e.g., deleterious substitutions at
critical sites) hypothesized to be function-disrupting. This induces
a deterministic preference label:

𝑃 (𝑦+ ≻ 𝑦− | 𝑥) = 1, 𝑃 (𝑦− ≻ 𝑦+ | 𝑥) = 0. (17)

Under this hard-label regime, the self-play preference score in
Eq. (15) simplifies as follows. Since 𝜋𝑡 is anchored on the same

backbone 𝑥 and the preference label is deterministic for the con-
structed pair, we obtain

𝑃 (𝑦+ ≻ 𝜋𝑡 | 𝑥) = 1, 𝑃 (𝑦− ≻ 𝜋𝑡 | 𝑥) = 0. (18)

B.2 Deriving the FPA objective
Crucially, SPPO is defined per candidate sequence 𝑦 (not per pair).
Therefore, when we have a preference pair (𝑦+, 𝑦−), we apply the
SPPO loss to each member of the pair and aggregate them. Plugging
Eq. (18) into Eq. (16), we obtain two quadratic terms:

ℓSPPO (𝑥,𝑦+ | 𝜋𝑡 ) =
[
𝛽 log

𝜋𝜃 (𝑦+ | 𝑥)
𝜋𝑡 (𝑦+ | 𝑥) −

(
1 − 1

2

)]2
(19a)

=

[
𝛽 log

𝜋𝜃 (𝑦+ | 𝑥)
𝜋𝑡 (𝑦+ | 𝑥) − 1

2

]2
,

ℓSPPO (𝑥,𝑦− | 𝜋𝑡 ) =
[
𝛽 log

𝜋𝜃 (𝑦− | 𝑥)
𝜋𝑡 (𝑦− | 𝑥) −

(
0 − 1

2

)]2
(19b)

=

[
𝛽 log

𝜋𝜃 (𝑦− | 𝑥)
𝜋𝑡 (𝑦− | 𝑥) + 1

2

]2
.

Summing the two terms yields a symmetric pairwise alignment
objective:

ℓSeq (𝑥,𝑦+, 𝑦−) = ℓSPPO (𝑥,𝑦+ | 𝜋𝑡 ) + ℓSPPO (𝑥,𝑦− | 𝜋𝑡 ). (20)

Finally, instantiating 𝜋𝑡 as the frozen reference inverse folding
model 𝜋ref and adopting the relative log-likelihood ratios 𝑎, 𝑏 de-
fined in Eq. (6), we obtain the FPA loss:

ℓSeq (𝑥,𝑦+, 𝑦−) =
(
𝑎 − 1

2

)2
+
(
𝑏 + 1

2

)2
. (21)

The two quadratic terms arise in Eq. (21) because SPPO is ap-
plied independently to the positive (wild-type, function-preserving)
sequence𝑦+ and the negative (function-disrupting) variant𝑦− . This
yields separate and directionally consistent updates: the first term
explicitly encourages increasing the likelihood of 𝑦+ relative to the
reference model, while the second term suppresses 𝑦− relative to
the same reference. Compared with gap-only objectives (e.g., DPO),
this decoupled form is particularly suitable for sparse, hypothesis-
driven preference pairs in protein inverse folding, where the pre-
ferred sequence is ground-truth and should not be inadvertently
penalized during fine-tuning.

C Alternative Scoring Functions for
Computational Functional Assessment

The scoring function 𝜙 can be derived from one of the following
sources:

• Evolutionary Conservation: Let 𝑝 (𝑦𝑖 = 𝑎) denote the
empirical frequency of amino acid 𝑎 at position 𝑖 in the
multiple sequence alignment associated with 𝑦. The evolu-
tionary conservation score is defined as

𝜙evol (𝑖 | 𝑦) = log2 20 −
∑︁
𝑎∈A

𝑝 (𝑦𝑖 = 𝑎) log2
1

𝑝 (𝑦𝑖 = 𝑎)
.

• Thermodynamic Stability:Themaximum change inGibbs
free energy upon mutation,

𝜙stab (𝑖 | 𝑦, 𝑥) =max
𝑎∈A

��Δ𝐺 (𝑦 | 𝑥) − Δ𝐺
(
𝑦𝑖→𝑎 | 𝑥

) �� ,
11
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Table 4: Dataset size. Total Unique FASTA corresponds to the number of unique FASTA sequences in the ProteinMPNN CATH 4.2
40% non-redundant set. No Negative Seq denotes sequences that did not have any hard negative substitution during Section 3.3
and were removed from the dataset. ESM-IF Dataset Overlap indicates samples excluded due to overlap with other splits of
ESM-IF pretrained dataset (Section A.4).

Split Total Unique FASTA No Negative Seq ESM-IF Dataset Overlap Final Dataset

Train 113,095 68,690 1,853 42,552 (37.6%)
Val 4,727 1,445 687 2,595 (54.9%)
Test 4,518 1,539 665 2,314 (51.2%)

where 𝑦𝑖→𝑎 denotes the sequence obtained by mutating
residue 𝑦𝑖 to amino acid 𝑎 at position 𝑖 , and Δ𝐺 (· | 𝑥)
denotes the folding free energy under the fixed backbone
structure 𝑥 .

• Computational Probabilistic Influence: In a masked
protein language model (PLM) parameterized by 𝜃 , the neg-
ative log-likelihood of the observed residue,

𝜙PLM (𝑖 | 𝑦, 𝜋𝜃 ) = − log𝜋𝜃
(
𝑦𝑖 | 𝑦\𝑖

)
.

D Additional Results
ProtGPT for sequence quality. We follow [10] to apply ProtGPT [7]

to evaluate the naturalness of the sampled sequences from the pro-
tein inverse folding models. ProtGPT outputs the average log likeli-
hood over residues for a given sequence. As shown in Table 5, the
fine-tuned model exhibits a likelihood for its generated sequences
that is similar to that of the pre-trained model, demonstrating that
our FPA does not compromise the naturalness of the produced
sequences.

Table 5: Average likelihood scores (mean ± standard devia-
tion) for different methods.

Method Single Multi
ProteinMPNN −8.77 ± 0.99 −8.82 ± 0.82
+FPA (ours) −8.79 ± 0.96 −8.86 ± 0.80
ESM-IF −8.45 ± 1.05 −8.41 ± 1.18
+FPA (ours) −8.32 ± 1.15 −8.32 ± 1.04

Entropy for critical and non-critical sites. We compute the entropy
of the predicted amino-acid distributions at critical and non-critical
sites for each protein, and report the mean and standard deviation
(std) in Table 6. The results show that FPA consistently reduces en-
tropy at critical sites for both ProteinMPNN and ESM-IF, indicating
more confident and deterministic predictions at functionally impor-
tant positions. In contrast, the entropy at non-critical sites remains
largely unchanged, suggesting that FPA selectively sharpens pre-
dictions at critical residues without reducing diversity elsewhere.

Different base models in ProteinMPNN. ProteinMPNN [5] has
different setups for the backbone noise and released different pre-
trained base models (𝑣_48_020 and 𝑣_48_002). We apply our FPA to
these models, and both show improvements as shown in Table 8.

Table 6: Entropy comparison between critical and non-
critical sites for different methods.

Method Critical Non-critical
ProteinMPNN 1.925 ± 0.350 2.481 ± 0.220
+FPA (ours) 1.795 ± 0.412 2.443 ± 0.252
ESM-IF 0.832 ± 0.445 1.611 ± 0.304
+FPA (ours) 0.796 ± 0.473 1.613 ± 0.336

E Model Architecture Details and Training
Procedure

E.1 Base Model
We use ProteinMPNN [5] and ESM-IF [11] as base inverse fold-
ing models, adopting their official implementations and pretrained
weights without any architectural modifications34. As our method
focuses solely on preference-based fine-tuning, all reported perfor-
mance gains arise from the proposed function-aware preference
alignment objective rather than changes to model architecture or
capacity.

E.2 Fine-Tuned Variants
Wedirectly adopt the official implementations and pretrainedweights
of ProteinMPNN and ESM-IF, initializing all fine-tuned models from
the base checkpoints. Modified training objectives are applied with-
out architectural changes.

E.3 Optimization
ESM-IF models were trained with the AdamW optimizer with learn-
ing rate 1 × 10−7 following the ProteinDPO paper [30]. Protein-
MPNN models were trained with AdamW optimizer with learning
rate 5× 10−6 .Training was performed for a fixed number of epochs
with early stopping based on validation performance. We collect
the non-default hyperparameters in Table 7.

E.4 Regularization
Dropout was applied during training to mitigate overfitting. Weight
decay was used where indicated. No regularization was applied
during evaluation.

3https://github.com/dauparas/ProteinMPNN
4https://github.com/facebookresearch/esm/tree/main/examples/inverse_folding
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Figure 4: Sequence-logo visualization of residue-level predictive distributions for the wild-type (WT) sequence obtained from
the ESM-IF base model (top) and our FPA fine-tuned model (bottom). The WT residues are shown at the top, and functionally
critical sites are highlighted by shaded background columns and red triangle markers. Residues mispredicted by ProteinMPNN
but correctly recovered by our model are marked with “×”. Residues that is correct for the base model but mispredicted by our
model are marked with “×”.

Table 7: Training hyperparameters for our FPA.

Hyperparameter ProteinMPNN ESM-IF
FPA scaling factor 𝛽 0.2 0.1
FPA recovery loss 𝜆 0.2 1
Optimizer AdamW AdamW

Optimizer params 𝛽1 = 0.9, 𝛽2 = 0.98,
𝜖 = 10−9

𝛽1 = 0.9, 𝛽2 = 0.98,
𝜖 = 10−8

Weight decay 0.01 0.1
Learning rate 5 × 10−6 1 × 10−7
Epochs 20 40
Batch size 10, 000 tokens 1

E.5 Hardware and Runtime
Experiments were conducted on GPUs with CUDA acceleration.
ESM-IF models were trained on RTX Pro 6000 with 96GB mem-
ory. ProteinMPNN models were trained on RTX 6000 with 48GB
memory.

E.6 Software and Libraries
All experiments were implemented in Python using PyTorch. Li-
brary versions are listed for reproducibility (Table 9).

F Evaluation Protocol and Metrics
We evaluate function-aware inverse folding using a combination
of sequence-level and residue-level metrics defined over function-
aware preference pairs Dtest. Sequence-level metrics assess global
likelihood and generation fidelity under a given backbone structure,
while residue-level metrics focus specifically on functionally per-
turbed (critical) positions where positive and negative sequences
differ.

Evaluation Protocol. For each test backbone structure 𝑥 with a
corresponding preference pair (𝑦+, 𝑦−), all sequence-level metrics
are computed using the full sequences withoutmasking. For residue-
level preference evaluation, we restrict analysis to the set of per-
turbed (critical) positions C = {𝑖 | 𝑦+𝑖 ≠ 𝑦−𝑖 }, where function-aware
mutations are introduced. At these positions, log-probabilities are
extracted directly from the model output and compared between
the ground-truth and negative residues.

For sequence generation metrics, we adopt Best-of-𝐾 sampling:
multiple sequences are sampled per backbone, and the sample with
the highest recovery score is used for evaluation.

We use the following metrics for in silico evaluation in our
experiments. For consistency, we compute expectations uniformly
over 𝐷test for all metrics, even though some depend only on the
ground truth 𝑦+. Furthermore, to simplify notation, we denote the
sequence length uniformly as 𝐿, despite actual variation across
different sequences.
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Table 8: Evaluation of FPA for fine-tuning ProteinMPNN with different base models (backbone noise as 0.2 𝑣_48_020 and
backbone noise as 0.02 𝑣_48_002) on single-chain (Single) and multi-chain (Multi) test sets.

Perplexity ↓ Sequence Recovery (%) ↑ Critical Site Recovery (%) ↑
Single Multi Single Multi Single Multi

Base (0.02) 3.78 3.39 56.97 57.70 25.35 26.46
+FPA (ours) 3.74 3.39 57.13 57.65 28.17 29.56
Base (0.2) 4.55 4.03 50.40 51.04 16.93 16.73
+FPA (ours) 4.38 3.92 51.39 51.87 20.08 21.45

Table 9: Software libraries and versions used in ESM-IF and
ProteinMPNN experiments.

Software / Library ProteinMPNN ESM-IF

Python Python 3.12.12 Python 3.10
PyTorch 2.5.1 2.9.0

Model implementation Original
ProteinMPNN

fair-esm
(commit 2b36991)

GPU acceleration CUDA 12.1 CUDA 12.8
GPU primitives cuDNN 9.10 cuDNN 9.10
NumPy 2.4.1 1.26.4

Biotite – 0.40.0
torch-geometric – 2.7.0
torch-scatter – 2.1.2
torch-sparse – 0.6.18
torch-cluster – 1.6.3
torch-spline-conv – 1.2.2

• Perplexity (PPL) measures the model’s uncertainty in
predicting a protein sequence𝑦 given its backbone structure
𝑥 . It is defined as the exponentiated average negative log-
likelihood per residue:

PPL(𝑦 | 𝑥) = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
exp

(
− 1
𝐿

𝐿∑︁
𝑖=1

log𝜋𝜃 (𝑦+𝑖 | 𝑥)
)]
,

where 𝜋𝜃 (𝑦+𝑖 | 𝑥) is the model’s probability for residue 𝑦+𝑖
at position 𝑖 . .

• Average Log-Likelihood (LL) reports the average per-
residue log-likelihood assigned by the model to the positive
and negative sequences under the same backbone:

LL+ = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
1
𝐿

𝐿∑︁
𝑖=1

log𝜋𝜃 (𝑦+𝑖 | 𝑥)
]
,

LL− = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
1
𝐿

𝐿∑︁
𝑖=1

log𝜋𝜃 (𝑦−𝑖 | 𝑥)
]
.

• Preference Accuracy (ACC)measures the fraction of pref-
erence pairs in which the model assigns higher likelihood
to the positive sequence than to the negative variant under
the same backbone:

ACC = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
I
[
log𝜋𝜃 (𝑦+ | 𝑥) > log𝜋𝜃 (𝑦− | 𝑥)

] ]
.

• Sequence Recovery (Rec) measures the average fraction
of residues in generated sequences that match the ground-
truth sequence:

Rec = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
max
𝑘=1,...,𝐾

1
𝐿

𝐿∑︁
𝑖=1

I[𝑦 (𝑘 )
𝑖

= 𝑦+𝑖 ]
]
.

• Delta Log-Likelihood (ΔLL) quantifies the average log-
likelihood gap between positive and negative variants at
perturbed positions:

ΔLL = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
1
|C|

∑︁
𝑖∈C

(
log𝜋𝜃 (𝑦+𝑖 | 𝑥) − log𝜋𝜃 (𝑦−𝑖 | 𝑥)

) ]
.

• Residue Preference Accuracy (Res-ACC) measures the
fraction of perturbed positions at which the model assigns
higher likelihood to the ground-truth residue than to the
corresponding negative mutation:

ResACC = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
1
|C|

∑︁
𝑖∈C

I
[
log𝜋𝜃 (𝑦+𝑖 | 𝑥) > log𝜋𝜃 (𝑦−𝑖 | 𝑥)

] ]
.

• Critical Sequence Recovery (CSR) measures recovery
restricted to perturbed (critical) positions:

CSR = E(𝑦+,𝑦− ,𝑥 )∼Dtest

[
max
𝑘=1,...,𝐾

1
|C|

∑︁
𝑖∈C

I[𝑦 (𝑘 )
𝑖

= 𝑦+𝑖 ]
]
.
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