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ABSTRACT

Protein inverse folding (IF) 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 (FPA) frame-
work that avoids explicit function optimization by fine-tuning IF models to prefer
function-preserving sequences over function-disrupting alternatives. 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 measurements. Our FPA framework guides
protein sequence design models toward generating sequences that better preserve
functional integrity, while remaining model-agnostic and compatible with existing
inverse folding pipelines such as ProteinMPNN and ESM-IF. Extensive experi-
ments on protein design benchmarks show that our fine-tuned models significantly
outperform pretrained counterparts in preserving functional integrity during protein
sequence design.

1 INTRODUCTION

Recent progress in protein foundation models has enabled direct protein sequence design conditioned
on structural inputs, significantly accelerating in silico protein engineering. Models such as Protein-
MPNN (Dauparas et al.||2022) and ESM-IF (Hsu et al., 2022) take backbone geometry or structural
representations as input and generate amino acid sequences 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 active (Xue et al.| 2025)). Protein function is often
governed by a small subset of critical residues (Jayaraman et al.,|2022)), and perturbations at these
sitesﬂ can abolish activity even when global structure is preserved (Derry et al., 2025)).

A major challenge in function-aware protein design (Notin et al.| [2024)) is the lack of scalable supervi-
sion. Functional annotations are primarily obtained through wet-lab experiments, which are expensive
and time-consuming (Zhou et al., |2024)). Consequently, large-scale datasets that associate protein
sequences or structures with functional measurements are limited. While computational evaluators
have been proposed to guide protein design, their use still requires experimental validation (Hu et al.}
2024; Boadu et al., 2025)), and no single unified function evaluator exists that generalizes across
diverse protein families and biochemical tasks (Unsal et al.| 2022} |Xiao et al.| 2025).

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 substitutions that
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are likely to disrupt function. By discouraging such deleterious mutations, the model implicitly
biases generation toward sequences that better preserve functional integrity, without requiring ex-
plicit functional labels (Amin et al., 2025; |Huang et al., 2025)). 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 perturbations of critical
residues (Reva et al., 2011} |Studer et al., |2013)) and model-consistent likelihood constraints (Bjerre-
gaard et al., 2025; Smith et al., [2025]), 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) (Ng & Henikoff, 2003} |Vaser et al.,
2016), 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 this signal, we generate
function-aware preference pairs consisting of the original sequence and a negative variant produced
by introducing deleterious substitutions at critical positions. Importantly, these negative sequences are
constrained to remain statistically 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 our work are summarized as follows:

* We reformulate function preservation in protein design as a function-aware preference
alignment (FPA) framework, allowing inverse folding models to prefer function-preserving
sequences over function-disrupting variants using in silico supervision.

* We propose a hypothesis-driven, in silico supervision strategy for constructing function-
aware preference pairs, removing the reliance on explicit functional labels or additional
wet-lab measurements.

* Our FPA framework provides a scalable and model-agnostic mechanism that encourages pro-
tein design models to generate function-preserving sequences, while remaining compatible
with widely used inverse folding pipelines such as ProteinMPNN and ESM-IF.

» Extensive experiments on standard protein design benchmarks demonstrate that our fine-
tuned models consistently outperform pretrained baselines and other fine-tuning methods in
functional protein design.

2 FUNCTION-AWARE PROTEIN INVERSE FOLDING

We first review protein inverse folding and formalize the problem of function-aware inverse folding.
We then explain why standard preference-based fine-tuning methods such as Direct Preference
Optimization (DPO) (Rafailov et al.,[2023)) provide limited benefits in this setting. This motivates
our Function-aware Preference Alignment (FPA) framework, designed to handle preference signals
arising from diverse and mechanistically distinct functional perturbations.

2.1 PRELIMINARIES

Protein inverse folding (IF) aims to generate an amino-acid sequence y = (y1,...,YL)
conditioned on a backbone structure x, where y; € A and the amino acid set A =
{ACDEFGHIKLMNPQRSTVWY}. Modern IF models (e.g., ProteinMPNN (Dauparas et al.,
2022) and ESM IF (Hsu et al.,|2022))) are trained to predict the sequence y based on the backbone
structure x via an auto-regressive way:

L

w(y ) =p(n | 2) [[pw: | y<i, o). e

i=2
Most protein IF models are trained to maximize overall sequence recovery, which primarily enforces
global structural compatibility. However, protein function is typically governed by a small subset
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of critical residues, while most positions are tolerant to mutation. Consequently, high sequence
recovery does not guarantee functional competence, and IF-based design still requires extensive
wet-lab screening to identify function-preserving variants.

2.2 FUNCTION-AWARE PREFERENCES VIA CRITICAL SITES

To introduce functional awareness without relying on large-scale wet-lab annotations, we propose a
computational strategy that constructs function-aware preference dataset consisting of positive and
negative sequences generated via deleterious amino acid substitutions. This approach is grounded in
the biological observation that protein function is often governed by a small set of critical residues,
whose mutation can disproportionately impair structural stability, catalytic activity, or molecular
recognition (Todd et al.| 2002; Thibert et al., 2005).

Definition 1 (Critical Sites). Given a protein sequence y of length L, the critical sites are a subset
of residue positions F(y) C {1,2,..., L}, whose substitutions are expected to substantially disrupt
protein function, as quantified by a residue-level scoring function ¢:

Fly)={ie{1,2,....L} | o(i | y,2) > 7}, )
where 7 is a predefined threshold.

We instantiate ¢ using SIFT, an evolutionary conservation—based predictor of mutational intolerance.
Residues with a high fraction of deleterious substitutions are treated as functionally critical, without
experimental labels.

2.3 HYPOTHETICAL FUNCTION-AWARE PREFERENCE PAIRS

Given a wild-type sequence y, we construct a function-disrupting variant y~ by introducing substitu-
tions at functionally critical sites F(y), while keeping all other positions unchanged. This yields a
hypothetical preference pair (y™,y ™), where 4y = y is function-preserving and ¢~ is hypothesized
to be function-disrupting.

To avoid trivial negatives that are incompatible with the backbone, we identify hard negatives using
the base inverse folding model. Given a backbone x and a set of perturbed variants )™, a sequence
y~ € Y~ is selected as the hard negative if

logn(y™ | ) > log n(y* | ) + v,
where 7(y | ) denotes the model likelihood and v is a tolerance threshold.

Focusing on such hard negatives directs training toward biologically meaningful errors, enabling
effective fine-tuning without explicit functional labels or additional wet-lab experiments.

2.4 FUNCTION-AWARE PREFERENCE ALIGNMENT

Let 7p(y | «) denote a trainable IF model and 7.t (y | =) a frozen reference initialized from the
pretrained backbone. Standard preference optimization methods such as DPO (Widatalla et al.| [2024;
Gasser et al., [2025; Xu et al., [2025) focus on increasing the likelihood gap between preferred and
dispreferred sequences, which can inadvertently suppress the likelihood of native-like sequences
under the assumation of a single, globally consistent preference criterion (Ren & Sutherland, |[2025).

In contrast, protein function degradation can arise from diverse and mechanistically distinct pertur-
bations (e.g., stability loss, catalytic disruption, impaired recognition), making such assumptions
unsuitable. We therefore propose Function-aware Preference Alignment (FPA), which directly aligns
the likelihoods of positive and negative sequences relative to the reference model. Please refer to
Appendix for a detailed derivation process.

For each preference pair (y*, ™), FPA minimizes the symmetric alignment objective

_ 2 2
lseq(®,y",y7) = (a—3)" + (b+3)", 3)
where a = (log % and b = Slog % B > 0 controls the strength of alignment. Equa-

tionexplicit]y encourages increasing the likelihood of the function-preserving sequence i+ while
suppressing that of the function-disrupting variant ¢, relative to a frozen reference model.



Published at the GEM workshop, ICLR 2026

2.5 CRITICAL-SITE-AWARE ALIGNMENT

However, equation [3|does not fully account for the biological observation that functional constraints
are typically localized to a small subset of residues, and most positions primarily support structural
stability or sequence background. To reflect this locality, we restrict preference-driven updates to
functionally critical sites, leaving functionally neutral regions largely unconstrained.

Concretely, we define a residue-level preference optimization objective by applying the alignment
loss only at critical sites F(y™):

_ 2 2
ZRes(ervy ,I,f) = (a’]'- - %) + (b]: + %) ’ @)
_ mo(y¥|z) _ T (yx|®)
where ar = [ log et 02 and br = Slog o)

While equationconcentrates preference gradients on critical sites F(y™), optimizing only these
positions can still induce drift in non-critical regions through shared model parameters. To preserve
the structural compatibility learned by the pretrained IF model, we introduce an auxiliary cross-
entropy (CE) objective over the positive sequences only, i.e., lcg(y ™, z) = — ZiLzl log g (y;" | ).
This term preserves the pretrained generative prior, enabling controlled adaptation at critical residues
without compromising overall sequence plausibility or structural compatibility.

The final FPA objective combines localized preference alignment with global regularization:

EFPA - Z |:€Res(y+a y_7$7~7:) + )\ZCE(y+7 m) ) (5)

(yt,y=,x)

where A\ > 0 controls the regularization strength. Together, this formulation 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.

3 EXPERIMENT

In this work, we build upon ProteinMPNN (Dauparas et al.l 2022) and ESM-IF (Hsu et al.| 2022) as
representative base models for studying function-aware inverse folding fine-tuning.

Dataset. All experiments are conducted on the CATH 4.2 40% non-redundant dataset (Dauparas
et al.,[2022)), 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.
To prevent data leakage due to partial overlap between the pretrained datasets of ProteinMPNN and
ESM-IF, we apply an additional filtering step that enforces mutual exclusivity among the training,
validation, and test splits. This ensures evaluation on sequences unseen during pretraining and
precludes performance gains from reused validation or test data. Please refer to the Appendix for
more details about the dataset construction.

Evaluation Metrics. We evaluate function-aware inverse folding using sequence recovery and
critical-site recovery to assess overall sequence fidelity and targeted recovery at functionally perturbed
residues. Complementary likelihood-based metrics measure whether the model consistently prefers
function-preserving sequences over function-disrupting variants under the same backbone. Formal
definitions are provided in the Appendix.

3.1 BENCHMARK EVALUATION

Table |1| reports the quantitative evaluation of FPA for fine-tuning ProteinMPNN and ESM-IF on
test sets, using perplexity, sequence recovery, and critical site recovery. The results show that (1)
FPA-based fine-tuning consistently achieves notable improvements over both base models across
all three metrics; (2) FPA delivers the strongest and most balanced performance, substantially
outperforming other fine-tuning strategies DPO and SPPO. While the overall sequence recovery
rate slightly improves after fine-tuning, FPA consistently improves the recovery rate at functionally
critical sites across both models. This highlights the effect of function-aware preference alignment:
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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 (%) 1  Critical Site Recovery (%) 1

Single Multi  Single Multi Single Multi
ProteinMPNN  4.55 4.03  50.40 51.04 16.93 16.73
+DPO 7.19 6.27 3747 37.45 21.64 22.78
+SPPO 4.44 3.94 50.64 51.33 17.50 17.17
+FPA (ours) 4.38 392 51.39 51.87 20.08 21.45
ESM-IF 3.80 377  60.63 60.46 20.59 20.59
+DPO 7.69 7.80 4252 42.04 34.29 3291
+SPPO 3.76 371 6111 60.87 23.90 23.04
+FPA (ours) 341 3.50 62.63 61.81 31.22 30.50

N Base o4 700 25.42% 35| WM Base 33.49% 33.74%

Accuracy (%)
Accuracy (%)

Single Multi ’ Single Multi
Figure 1: 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).

learning signals are concentrated on functionally relevant residues, rather than uniformly increasing
similarity across all positions, thereby improving fidelity at critical sites without sacrificing global
sequence recovery or structural plausibility. (3) In contrast, DPO-based methods exhibit a clear
trade-off, achieving relatively high critical site recovery at the cost of degraded perplexity and overall
sequence recovery, which indicates reduced structural plausibility.

3.2 EVALUATION OF PROTEIN FUNCTION DISCRIMINATION VIA PREFERENCE ACCURACY.

Preference accuracy is defined as the fraction of sequence pairs for which the protein design model
assigns a higher likelihood to the positive sequence than to its corresponding negative variant,
reflecting the model’s ability to prioritize the generation of function-preserving sequences, thereby
reducing the burden of wet-lab screening. Fig.[I]respectively presents the Preference accuracy of
the base models ProteinMPNN and ESM-IF, as well as our FPA fine-tuned models, on the test
set. It 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 negative sequence than to the
positive one.

4 CONCLUSION

We presented a function-aware preference alignment framework for protein inverse folding that
improves functional robustness by guiding 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
folding models while remaining compatible with widely used pipelines such as ProteinMPNN and
ESM-IF. Importantly, our experiment results demonstrate that the fine-tuned models can explicitly
distinguish functionally critical residues from non-critical positions. This behavior reflects a bio-
logically 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 the molecular determinants of biological activity.
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A BACKGROUND

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 (Dauparas et al., [2022) and ESM-IF (Hsu et al., 2022) have
become widely adopted backbones, leveraging message-passing architectures and pretrained protein
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language models, respectively, to learn structure-conditioned sequence distributions. These models
serve as standard baselines across inverse folding benchmarks and are extensively used in downstream
protein design pipelines. More recent methods, such as PiFold (Gao et al.|2023)) and InstructPLM (Q1u
et al.,|2024)), further 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) (Rafailov et al.l [2023]),
have recently emerged as effective tools for aligning protein inverse folding models with target
properties beyond sequence recovery (Gasser et al.,2025). Early work such as ProteinDPO (Widatalla
et al., 2024) applied DPO to fine-tune ESM-IF (Hsu et al. [2022), encouraging preference for
stabilizing over destabilizing variants. In parallel, similar paradigms have also been applied to
ProteinMPNN (Dauparas et al.} 2022): |Xu et al.| (2025) leveraged DPO with feedback from protein
folding models, while |Park et al.| (2024) explored DPO-based optimization to enhance sequence
diversity in peptide design. A more recent work (Xue et al.,2025) further 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 (Wang et al.| 2025)) introduced an online reinforcement learning framework for inverse
folding, enabling scalable multi-objective optimization with efficient structural feedback and diversity
regularization.

Existing preference optimization methods largely focus on structural or stability-related objectives,
leaving functional constraints underexplored.

B DATA PREPARATION AND 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.

B.1 DATASET PREPARATION

We directly build our dataset upon the ProteinMPNN dataset (PDB release 2021-08-02) (Dauparas
et al.l [2022) by constructing function-aware preference pairs from its curated protein sequences,
which includes PDB chain identifiers, amino acid sequences, resolution, and cluster assignments. To
ensure high-quality data, we retained only structures with resolution < 3.5 A and sequence lengths
below 10,000 residues. Dataset splits (training, validation, test) were determined using precomputed
non-overlapping structural clusters.

For each backbone structure z, ProteinMPNN in inference mode produces a log-probability matrix of
size L x 21, where L is the sequence 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 produce a log-probability matrix in
a manner consistent with ProteinMPNN. The ESM-IF base model uses a vocabulary of size 35,
producing a logit matrix of size L x 35. To ensure comparability of magnitude of log-probability
with PrtoeinMPNN, we restricted the output distribution to the 21 tokens of ProteinMPNN. This
is done 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 x 21 log
probability matrix that is directly comparable across models. The 14 tokens are B, O, U, Z, (unk),
(pad), (null_1), (null_0), (mask), (eos), (cath), (af2), ., —

The tolerance threshold v used in generation of our preference pairs were 0.1, and the maximum
negative sequences generated for one sequence was 20.

In addition to model-likelihood-based hard negatives, a small fraction of additional negative sequences
were generated by sampling from SIFT non-tolerated amino acids set at critical sites without other
constraint.



Published at the GEM workshop, ICLR 2026

B.2 PREVENTING DATA LEAKAGE

To prevent data leakage from ESM-IF pre-training dataset, we explicitly filtered out overlapping
splits across training, validation and test sets. For instance, any samples that appear in validation or
test splits of the ESM-IF 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 2]

Table 2: 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[2.3]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 @)

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%)

B.3 SIFT-BASED MUTATIONAL ANALYSIS

To assess residue-level mutational sensitivity, we applied SIFT (Sorting Intolerant From Tolerant) to
all ground-truth protein sequences. For each protein, we enumerated all possible single—amino-acid
substitutions 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 substitution based on evolutionary conserva-
tion 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 practice, 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.

C DETAILED DERIVATION FROM THE SPPO L0SS TO THE FPA LOSS

We build our fine-tuning objective on Self-Play Preference Optimization (SPPO) (Wu et al., [2025)),
which frames preference learning as an alignment problem with respect to the model’s own distri-
bution. Let 7y (- | =) denote the current inverse folding model and 7, (- | ) the current policy (in
practice, we instantiate 7; by a fixed reference model, i.e., m; = m.f). SPPO assumes access to a
pairwise preference oracle P(y > vy’ | «) and lifts it to a self-play preference score against m; by
averaging over candidates sampled from 7y:

Py = m | 2) =Eyrom, (o) [Ply =¥ | 2)]. (6)
SPPO then fits the log-likelihood ratio of a candidate sequence y to this preference signal via a
quadratic regression objective:

mo(y | =) 112
0 , = [ log ———= — (P(y > - - } , 7
SPPO(I Yy | ﬂ't) /6 0og 7Tt(y ‘ .'I}) ( (y Tt | .’,E) 2) ( )
where 5 > 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
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particularly 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).

C.1 HARD-LABEL SINGLE-PAIR PREFERENCES

In our setting, each backbone z is associated with a single function-aware preference pair (y*,y7),
where y7 is the native (ground-truth) sequence assumed to be functionally competent, and 3~ is
a synthetically perturbed variant (e.g., deleterious substitutions at critical sites) hypothesized to be
function-disrupting. This induces a deterministic preference label:

Pyt =y |o)=1, Py =y"|z)=0. ®)

Under this hard-label regime, the self-play preference score in equation [§] simplifies as follows. Since
7 is anchored on the same backbone x and the preference label is deterministic for the constructed
pair, we obtain

Ply" =m|x)=1, Py~ =m|z)=0. ©)

C.2 DERIVING THE FPA OBJECTIVE

Crucially, SPPO is defined per candidate sequence y. Therefore, when we have a preference pair
(y™,y7), we apply the SPPO loss to each member of the pair and aggregate them. Plugging equation@]
into equation [/} we obtain two quadratic terms:

oy | @) 1\72 oyt |z) 192
14 1 1—- = |flog ———= — = 10

spro(z,y" | m) = [5 8 Wt | 7) ( 2)} {/3 8 Wt | 2) 2} , (10a)

- Ty~ | ) 112 Ty~ =) 1792
¢ 1 - = = |Blog ——+ | . 10b
SPPO(xvy | ﬂ—t) |:/8 0g —/——~ ( _ ‘ l') (0 2):| [5 0og 7Tt<y_ | x) + 2j| ( )

Summing the two terms yields a symmetric pairwise alignment objective:

lseq(z,y*,y7) = lspro(@,y™ | m) + sppo(z,y~ | m). (11

Finally, instantiating 7, as the frozen reference inverse folding model 7. and adopting the relative
log-likelihood ratios a, b defined in Section[2.4] we obtain the FPA loss:

oyt = (a—3) 4 (b4 5) " (12

The two quadratic terms arise in equation |12|because SPPO is applied independently to the positive
(native-like, function-preserving) sequence y™ and the negative (function-disrupting) variant y . 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 3~ 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 preferred
sequence is ground-truth and should not be inadvertently penalized during fine-tuning.

D ALTERNATIVE SCORING FUNCTIONS FOR COMPUTATIONAL FUNCTIONAL
ASSESSMENT

The scoring function ¢ can be derived from one of the following sources:
* Evolutionary Conservation: Let p(y; = a) denote the empirical frequency of amino acid

a at position 7 in the multiple sequence alignment associated with y. The evolutionary
conservation score is defined as

¢evol(i | y) 10g2 20— Z p Yi = CL) logQ _
ac A p(yi = a)

10
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Algorithm 1 Function-Aware Preference Alignment (FPA)

Require: Preference dataset D, reference model 7.q¢, scale (3, trade-off coefficient \, critical-site
mask F, learning rate 7, epochs 7T'.
Ensure: Function-aware inverse folding model 7g.
1: Initialize 7y < mcf.
2: forepocht=1,2,...,T do
3: for mini-batch Dy, C D do

4: Compute Lges = Z(y*,y*,m)eDmb lRes-
5: Compute Lcg = Z(y*,y*,m)EDmh Log.
6: Lepa < Lres + A LcE-

7: 0 < 0 —nVgLrpa-

8: end for

9: end for

¢ Thermodynamic Stability: The maximum change in Gibbs free energy upon mutation,

Pstab(i | y, ) = gleaj( !AG(y | 2) — Ag(yz‘—m | m)

)

where ¢ denotes the sequence obtained by mutating residue y; to amino acid a at position
i, and AG(- | z) denotes the folding free energy under the fixed backbone structure x.

* Computational Probabilistic Influence: In a masked protein language model (PLM)
parameterized by 6, the negative log-likelihood of the observed residue,

dprm(i |y, mo) = —logmo (i | i)

E MODEL ARCHITECTURE DETAILS AND TRAINING PROCEDURE

E.1 BASE MODEL

We use ProteinMPNN (Dauparas et al.,[2022)) and ESM-IF (Hsu et al.,2022)) as base inverse folding
models, adopting their official implementations and pretrained weights without any architectural mod-
iﬁcation@ As our method focuses solely on preference-based fine-tuning, all reported performance
gains arise from the proposed function-aware preference alignment objective rather than changes to
model architecture or capacity.

E.2 FINE-TUNED VARIANTS

We directly adopt the official implementations and pretrained weights of ProteinMPNN and ESM-IF,
initializing all fine-tuned models from the base checkpoints. Modified training objectives are applied
without architectural changes.

E.3 OPTIMIZATION

ESM-IF models were trained with the AdamW optimizer with learning rate 1 x 10~7 following
the ProteinDPO paper (Widatalla et al., 2024). ProteinMPNN models were trained with AdamW
optimizer with learning rate 5 x 10~° .Training was performed for a fixed number of epochs with
early stopping based on validation performance. We collect the non-default hyperparameters in
Table 3l

E.4 REGULARIZATION

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

Zhttps://github.com/dauparas/ProteinMPNN
3https://github.com/facebookresearch/esm/tree/main/examples/inverse_
folding

11
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Table 3: Training hyperparameters for our FPA.

Hyperparameter ProteinMPNN ESM-IF

FPA scaling factor 0.2 0.1

FPA recovery loss A 0.2 1

Optimizer AdamW AdamW

Optimizer params £1=0.9, $2=0.98, e=10"°  $;=0.9, $2=0.98, e=10"%
Weight decay 0.01 0.1

Learning rate 5x107° 1x1077

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 memory. ProteinMPNN models were trained on RTX 6000 with 48GB
memory.

E.6 SOFTWARE AND LIBRARIES

All experiments were implemented in Python using PyTorch. Library versions are listed for repro-
ducibility (Table ).

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 Di. Sequence-level metrics assess global
likelihood and generation fidelity under a given backbone structure, while residue-level metrics focus
specifically on functionally perturbed (critical) positions where positive and negative sequences differ.

Evaluation Protocol. For each test backbone structure x with a corresponding preference pair
(y*,y7), all sequence-level metrics are computed using the full sequences without masking. For
residue-level preference evaluation, we restrict analysis to the set of perturbed (critical) positions
C = {i | y/ # y; }, 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 D¢ 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.

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

L
1
PPL(y | ) =Byt o)~ [exp (= 2 tommoly | x>)1 0
i=1

where 7y (y;” | x) is the model’s probability for residue ;" at position . .

* Preference Accuracy (ACC) measures the fraction of preference 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- 2)dey L[ logmo(y™ | ) > logma(y~ | x)]] .

12
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* Sequence Recovery (Rec) measures the average fraction of residues in generated sequences
that match the ground-truth sequence:

Rec = E

(y+,y~ &)~ Drest

* 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 corre-
sponding negative mutation:

Res-ACC = Ey+ -

1) ~Drest

c|

Z]I[logm(y

ie€C

2) > logmo(y; | m)}] .

¢ Critical Sequence Recovery (CSR) measures recovery restricted to perturbed (critical)

positions:

CSR = E(y+ y— 2)~Deex [ W

™ =
Il Z =y

ieC

Table 4: 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 251 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 24.1 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
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