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Abstract

Protein design pipelines today are fragmented,
separating backbone generation, sequence design,
and structure prediction into bespoke models. We
present LeFlur, a unified discrete-token model
that integrates these tasks into a single standard
text transformer. We offload Cartesian-space
modeling to LatentGenerator, a Vision Trans-
former autoencoder that discretizes arbitrary 3D
structures (proteins and small molecules alike)
into a compact, shared-vocabulary token stream
(with modality-specific quantizers Q) and Q(©)
feeding a single combined transformer), using a
Simple Linear Quantizer (SLQ), an application
of Gumbel-Softmax categorical bottlenecks to
per-residue 3D-coordinate latents,as a minimal-
vocabulary alternative to Finite Scalar Quantiza-
tion. On top of this representation, LeFlur sup-
ports both protein-only and ligand-conditioned
design, a first for structure-token models. Be-
cause LeFlur is trained as a masked any-
order model, it admits a sequence/structure/joint
pseudo-likelihood (PLL) that is closely approxi-
mated by a single masked forward pass and made
unbiased with K stratified Monte-Carlo draws.
This PLL correlates strongly with downstream
designability and structure-prediction accuracy
and serves as a best-of- N ranker that re-uses the
model itself. We also introduce Self-Reflection,
an inference-time refinement loop that iteratively
redesigns outputs against an internal forward-fold
consistency check, lifting designability without
any retraining or external scorer. Despite its ar-
chitectural simplicity, LeFlur is competitive with
specialized baselines across folding and genera-
tion tasks.
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1. Introduction

Effective computational protein design requires navigating
the joint probability distribution between a protein’s amino
acid sequence and its three-dimensional structure in order
to ascertain if the intended function can be accomplished
with the given sequence structure pair. Despite this intrin-
sic link, traditional computational approaches have largely
treated these modalities in isolation. State-of-the-art pre-
dictive models are highly specialized—utilizing distinct
architectures for folding (Jumper et al., 2021) versus se-
quence design (Dauparas et al., 2022). Likewise, pipelines
for de novo generation often require three separate models:
a structure generator, a sequence designer, and a structure
verifier (Watson et al., 2023; Pacesa et al., 2025; Stark et al.,
2025). This fragmentation bottlenecks design campaigns,
which must often generate and filter hundreds of thousands
of candidates to identify a fraction of self-consistent pairs.

While the need for joint sequence-structure modeling is
apparent, a fundamental barrier to a unified protein design
model has been the data type mismatch: sequences are
discrete, while structures are continuous. One promising
approach is to model sequence and structure within the
same modality, as discrete tokens, to be processed by a
single model. This strategy has been explored most notably
by DPLM-2 (Wang et al., 2024) and ESM3 (Hayes et al.,
2025), yet both systems introduce significant architectural
complexity and computational overhead to handle structure,
and are specific to protein-only systems.

We simplify protein structure tokenization by introducing
LatentGenerator, a universal structure tokenizer that ab-
stracts continuous 3D coordinates into a minimal discrete
vocabulary. Unlike the complex equivariant architectures
of prior works, LatentGenerator utilizes a standard Vi-
sion Transformer (Dosovitskiy et al., 2021) (ViT) autoen-
coder trained with a Simple Linear Quantizer (SLQ)—a
direct application of the Gumbel-Softmax categorical bottle-
neck (Jang et al., 2017) (also used at scale by, e.g., DALL-
E (Ramesh et al., 2021)) to per-residue 3D-coordinate la-
tents. Our contribution is the empirical finding that for
protein backbones a learned linear projection plus a K =256
Gumbel-Softmax codebook is sufficient to recover high-
fidelity geometry, orders of magnitude smaller than DPLM-
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Figure 1. LatentGenerator and LeFlur model overview. LatentGenerator allows for the tokenization of protein, ligand, and protein-
ligand complex structures. LeFlur allows for the generation of both protein sequence and structures with ligand conditioning, making it
amenable for protein design tasks such as inverse folding, forward folding, and unconditional generation.

2’s 8,192-token codebook or ESM3’s 4,096-token codebook.
We further document that this small-codebook regime does
not scale to reconstructing protein-ligand complexes (Ta-
bles S1 and S3), where SLQ degrades sharply and we re-
vert to FSQ (Mentzer et al., 2023). Crucially, because our
architecture avoids domain-specific heuristics, it readily
generalizes beyond proteins: we demonstrate the unified
tokenization of protein-ligand complexes within a single
model, preserving the relative geometry of both modalities
without specialized small-molecule or protein models.

We then present LeFlur as the application of these struc-
ture tokens to the problem of generative protein design. By
transforming the complex physical problem of 3D geom-
etry into a unified sequence modeling task, LatentGenera-
tor enables the seamless integration of structural data into
standard, highly optimized architectures. We plug these dis-
crete representations directly into NeoBERT (Breton et al.,
2025), a state-of-the-art encoder originally designed for text.
This enables LeFlur to be natively multimodal: it processes
amino acid sequences and structure tokens indistinguishably
within a single attention stream. We train this backbone via
Discrete Flow Matching (Campbell et al., 2024; Gat et al.,
2024) to solve three distinct design tasks—unconditional
generation, inverse folding, and forward folding without
the need for massive pre-training or complex specialized
architectures.

Our contributions are as follows:

* modality-agnostic structure tokenisation. We show
that a vanilla Vision Transformer autoencoder, trained
with S F(3) data augmentation rather than equivariant
layers, suffices to tokenise 3D biomolecular structure.
The same encoder—decoder ingests proteins, small
molecules, and protein-ligand complexes, removing
the protein-specific inductive biases.

e Simple Linear Quantization (SLQ). We show that
protein-backbone geometry can be compressed by a
single learned linear projection followed by a Gumbel-
Softmax categorical bottleneck (Jang et al., 2017), with
a codebook of only 256 tokens.

e LeFlur By plugging LatentGenerator tokens directly
into an off-the-shelf NLP encoder (NeoBERT (Breton
et al., 2025)) and training with discrete flow matching
over independently sampled sequence and structure
timesteps, a single set of weights solves inverse folding,
forward folding, and unconditional generation for both
protein-only and protein-ligand systems while being
competitive with specialized, task-specific baselines.

¢ Built-in inference-time verifiers via discrete latents.
Discretising structure makes the joint distribution over
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sequence and structure tractably scoreable: we use the
model’s own pseudo-likelihood as a ranker for gen-
erated designs, and a mutual-information-motivated
Self-Reflection criterion (refold the generated sequence
with the same model and accept only when the re-
fold agrees with the originally sampled structure) as
a learned-oracle-free designability filter, both improv-
ing downstream metrics without invoking an external
folder.

2. Related Work

2.1. Co-Generation (Seq-Struc) Continuous Models

Traditional co-generative models produce protein back-
bones and sequences simultaneously but generally rely
on architectures repurposed from structure prediction net-
works to account for the sequence-structure modality mis-
match (Lisanza et al., 2024; Didi et al., 2025; Watson et al.,
2023; Stark et al., 2025; Campbell et al., 2024). To man-
age the rigid physical and equivariant constraints of 3D
geometry, these models require domain-specific modules,
like triangular attention, that incur significant computational
costs. LeFlur bypasses these complexities by offloading
Cartesian modeling to a dedicated autoencoder. By dis-
cretizing 3D structures into a latent vocabulary, we decouple
geometric constraints from the generative process, allowing
a standard, highly optimized text-transformer to serve as the
backbone. Furthermore, transforming both sequence and
structure to the same modality (tokens) circumvents their
modality mismatch and allows us to use the same losses
(e.g. cross-entropy) for both representations.

2.2. Discrete Token-based Generative Models

The conversion of complex 3D biomolecular geometry into
a discrete alphabet was pioneered by Foldseek’s 3Di to-
kens (van Kempen et al., 2024), which enabled the ap-
plication of sequence-alignment tools to structural data.
SaProt (Su et al., 2024) later utilized these tokens to train
a Protein Language Model (PLM) for structure-based ho-
mology search. However, while effective for retrieval, 3Di
tokens are unsuitable for structure generation as they lack a
dedicated decoder to reconstruct atomic coordinates.

Recent architectures like ESM3 (Hayes et al., 2025) have
advanced this paradigm by using multi-track Transformers
that reason over discrete structure, sequence, and functional
tokens via masked language modeling. Similarly, DPLM-
2 (Wang et al., 2024) employs a multimodal discrete dif-
fusion framework with structure tokens integrated into a
pretrained PLM backbone. While these models demonstrate
the power of discretization, they rely on complex, protein-
specific equivariant encoders. Without the limitations of
protein-only encoders; LeFlur with LatentGenerator enables

the seamless extension to the discretization of protein-ligand
complexes.

3. Molecular Encoding and Structure
Tokenization with LatentGenerator

3.1. Overview

LatentGenerator supports protein-only, ligand-only, and
protein-ligand tokenization. LatentGenerator consists of
three components: (1) a ViT encoder £y that maps 3D coor-
dinates to continuous embeddings, (2) a quantizer Qg that
discretizes embeddings into tokens, and (3) a ViT decoder
D, that reconstructs coordinates from tokens. Further de-
tailes can be found in Appendix A and schematics are in
Fig S8 for protein only and Fig S9 for protein-ligand auto
encoding.

Soft Linear Quantization (SLQ). SLQ employs a
learned linear projection combined with the Gumbel-
Softmax estimator (Jang et al., 2017) for differentiable dis-
crete quantization, applying the standard categorical-VAE
bottleneck of Jang et al. (Jang et al., 2017) (also used at
scale by, e.g., DALL-E (Ramesh et al., 2021)) to per-residue
3D-coordinate latents; schematics comparing this approach
to FSQ are provided in Fig S10. Given continuous embed-
dings Z € RL*9, we first compute logits by projecting
to the intended codebook size K (typically K=256) via
£ = LayerNorm(Z) W, € RY*K, where W, € R¥*4
is a learned projection matrix. To enable gradient flow
through the discrete bottleneck, we apply the Gumbel-
Softmax (Jang et al., 2017) estimator for differentiable sam-
pling, defined as C; = softmax((€;+g)/7) € AX~1. Here,
g = —log(—log(u)) represents Gumbel noise samples de-
rived from u ~ Uniform(0, 1), and 7 is the temperature
parameter (default 7 = 0.5). This process generates soft as-
signments that approach one-hot vectors as 7 — 0. During
inference and for all downstream evaluations, we utilize the
argmax of these logits to obtain discrete tokens. We also
providede further details on FSQ (Mentzer et al., 2023) and
how it compares to SLQ in Appendix B and schematics at
Fig S10.

3.2. Training Objective

LatentGenerator is trained end-to-end with coordinate re-
construction losses. We apply a L? reconstruction loss after
Kabsch alignment (Kabsch, 1976):

1 ~
L2 = — Y, - RYY; — t* (1)

where (R*, t*) is the optimal rigid alignment and M is the
set of valid positions.

We apply a pairwise distance loss for rotation-invariant su-
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pervision, and empirically find that it speeds up training:

1
(M[?

Loy = Z clip((clip(HYi — YjHa 20)

i,jEM 2)
—I1Ys = Y,11)°, 25)

where the inner clip(-,20) caps the predicted distance at
20A so that beyond-cutoff pairs do not dominate the gradi-
ent (distance clamping), and the outer clip(-, 25) caps the
squared error at 25 (error clamping at /25 = 5A).

For unified protein-ligand models, we apply losses to both
modalities with weighting \,:

Cow = £ +£8) + 2 (L8 +£8) 0

Importantly, for protein-ligand complexes, Kabsch align-
ment is performed on the concatenated complex coordi-
nates:

(R*,t*) = Kabsch([Y,; Y¢], [Y,; Y¢]) )

This preserves relative protein-ligand positioning in the re-
construction loss.

3.3. Reconstruction Evaluation

We benchmark LatentGenerator on three modalities to ver-
ify that SLQ and FSQ retain enough geometry for down-
stream generation; full tables (CASP15, GEOM, PDBbind)
are in Appendix D (Tables S1, S2, S3). On CASP15 the
continuous baseline reaches 0.462 A RMSD and the FSQ
Prot-Lig tokenizer (4,375 tokens) closes most of the gap
at 1.260 A, while the specialist SLQ-256 used for LeFlur-
p reaches 1.647 A. On GEOM, FSQ scales to sub-0.3 A
(0.291 A after MMFF94 minimisation, vs. 0.395 A pre-
minimisation), whereas SLQ saturates and degrades to
1.239 A at 4,096 tokens. On PDBbind protein-ligand com-
plexes, FSQ Prot-Lig (4,375/4,375) attains joint-aligned
RMSD of 1.013 A (protein) and 1.011 A (ligand); the com-
pact SLQ-256/512 remains competitive (1.507/2.306 A),
while increasing SLQ to 4,096 collapses joint-aligned
RMSD to 4.761/3.589 A. We therefore use SLQ-256 for
LeFlur-p and FSQ-4,375/4,375 for LeFlur-pl.

4. Biomolecular Prediction and Design with
Latent Structure Tokens

4.1. Architecture

LeFlur consists of three main components: LatentGener-
ator our pre-trained structure tokenizer that converts 3D
coordinates <+ discrete tokens, a bidirectional transformer
that processes our sequence-structure tokens, and a discrete
generative paradigm.

For each residue position ¢, LEFLUR linearly embeds the
sequence tokens x; € {0, ..., 21}, representing a 20-amino
acid vocabulary plus mask and padding tokens, and the
structure tokens ¢; € {0,..., K + 1}, which includes K
codebook tokens plus mask and padding symbols. These
are projected as ;"' = Embedseq(z;) € R? and e§™° =
Embedgyuc(c;) € R, respectively. The modalities are fused
into a combined embedding €, = W ompine - [€] 1 €57],
where [-; -] denotes concatenation.

These fused representations are then processed by a
NeoBERT (Breton et al., 2025) backbone to yield hidden
states hy,...,h;, = NeoBERT(ey,...,er). Finally, sepa-
rate linear heads project these hidden states to predict the
respective output logits: ;" = Weq - h; € R?? for the
sequence modality and £§™° = Wy - h; € R¥+2 for the
structure tokens.

Ligand modality (LeFlur-pl). For protein-ligand sys-
tems we extend the same 1D token stream by appending
ligand atom tokens (atom-type embeddings) and ligand
structure tokens to the protein tokens, so the full sequence
processed by NeoBERT is [el,... ,e’ip;ef{, el
(Fig. S14). In addition we also encode a lig-
and bond matrix B € {0,...,5}F¢*L¢ (encoding

none/single/double/triple/aromatic/other).

4.2. Discrete Flow Matching

LeFlur employs Discrete Flow Matching (Campbell et al.,
2024), enabling flow-based generation on categorical data.
We define a probability path interpolating between a masked
prior po(x) and the data distribution p; (x).

For a data sample x; ~ p; and time ¢ € [0, 1], we construct
noisy samples x; via a linear masking schedule where x; ; =
x1,; with probability ¢ and [MASK] otherwise. The model is
trained to predict the clean data x; from x; by minimizing
the expected cross-entropy:

EDFM = EXht,Xi [CE(pG(Xl|Xt7t))X1)] (5)

LeFlur samples independent timesteps tseq, tsiruc ~ U (0,1)
during training. By applying the flow matching loss in-
dependently to each modality (Lioai = Lseq + Lsiruc)» the
model learns to denoise one modality given arbitrary noise
levels in the other. This decoupling enables flexible infer-
ence modes (unconditional generation, inverse folding, and
forward folding) using a single weight set (Figure S11).

4.3. Generation

4.3.1. INVERSE FOLDING

Protein only inverse folding. In the inverse folding task,
the objective is to design an amino acid sequence X that
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folds into a fixed target backbone structure Y. Within the
LeFlur framework, this is achieved by fixing the structure
tokens c; (effectively setting g = 1) and sampling the
sequence trajectory tgq from O to 1. We evaluated per-
formance on the Campbell et al. benchmark (Campbell
et al., 2024) and the CAMEOQO 2022 dataset (Haas et al.,
2018) which are both past our PDB training cutoff date.
We measure Native Sequence Recovery (AAR) and struc-
tural self-consistency by refolding generated sequences with
ESMFold and calculating TM-score, RMSD, and pLDDT.

As shown in Table S4, on the Campbell et al. bench-
mark LeFlur Protein (LeFlur-p) exhibits strong performance.
LeFlur-p outperforms the specialized ProteinMPNN (Dau-
paras et al., 2022) in AAR (53.60% vs 46.54%) While
comparable to DPLM-2 (55.56%), highlighting the model’s
proficiency in sequence-structure understanding. All mod-
els benchmarked maintain the native structure after fold-
ing with ESMFold. TM scores are above 0.80 and pass
rates (percent of structures with RMSD<?2) are greater than
70%. On the more recent CAMEO 2022 benchmark (Ta-
ble 1) LeFlur-p maintains an acceptable ESMFold-refold
TM-score (= 0.76) while its AAR drops to ~ 34% and its
pass rate to 37.0% (vs. ProteinMPNN at 55.9% and DPLM-
2 at 41.7%). This AAR drop may reflect alternative se-
quences that still fold to the same backbone.

Protein-ligand inverse folding. In the protein-ligand in-
verse folding task, the objective is to design an amino acid
sequence X that folds into a fixed target backbone structure
Y, binding onto the ligand, Y of interest. Within LeFlur
Protein Ligand (LeFlur-pl), this is achieved by fixing the
structure tokens for both the protein and the ligand c,; and
c1 (effectively setting £y = 1) and sampling the sequence
trajectory tgeq from O to 1.

We evaluated performance on the Posebusters bench-
mark (Buttenschoen et al., 2024) in Table 2. We measure
overall AAR to determine if the model captures the global
structure while measuring pocket AAR to see if the model
captures ligand interactions. We use Boltz-2 to see if we re-
cover the native structure and correct ligand placement. We
measure correct ligand placement with GF+IP (good fold +
in pocket). We consider a pass if the predicted structure has
a T M-score >0.5 and at least one atom of the ligand within
6A of a residue in the binding pocket. We outperform the
specialized inverse folding model LigandMPNN (Dauparas
et al., 2025) on ligand pocket AAR both with (74.80% vs
59.40%) while being comparable in protein structure and
ligand pocket placement recovery as measured by Boltz-2
(0.603 TM vs. 0.647 TM) and GF+IPs of 41.6% vs 41.5%.

4.3.2. FORWARD FOLDING

Protein only forward folding. In the forward folding task,
the model must predict the 3D structure Y given a fixed
amino acid sequence X. In our framework, this corresponds
to fixing the sequence tokens x; (tscq = 1) and sampling
the structure trajectory gy from O to 1. We measure per-
formance using TM-score, RMSD, and Pass Rate (defined
as the percentage of samples with RMSD < 2.0 A).

Table S5 presents results on the Campbell et al. bench-
mark. The LeFlur-p model achieves a TM-score of 0.76
comparable to the performance of the DPLM-2 650M (0.77
TM-score). This parity is achieved using a standard ViT
backbone and a minimal 256-token vocabulary, compared
to DPLM-2’s 8,192-token codebook. While the predic-
tive specialist ESMFold 3B remains the upper bound (0.91
TM-score), LeFlur demonstrates that discrete generative
models can approach predictive accuracy. Results on the
CAMEO 2022 dataset (Table 3) demonstrate stronger Pass
Rate (17.3%) relative to DPLM-2 (11.8%), while the aver-
age TM-score for LeFlur-p (0.67) is competitive to that of
DPLM-2 (0.70) on this split. ESMFold maintains its lead
while also dropping to 0.85 TM-score.

Protein-ligand forward folding. In the forward folding
task with conditioning ligand information the model must
predict the protein ligand complex 3D structure, Y, given
a fixed amino acid sequence X, ligand atoms, ligand bond
matrix, and ligand structure tokens. In our framework, this
corresponds to fixing the sequence tokens x; (tseq = 1),
ligand structure tokens and sampling the structure trajectory
teiruc from O to 1.

We measure performance on the Posebusters bench-
mark (Buttenschoen et al., 2024) using TM-score and
RMSD of the overall fold, in addition we score ligand pocket
placement with GF+IP. We compare against RF3 (Corley
et al., 2025) and Boltz-2 in single sequence mode. We find
that we outperform all of the specialized models on single
sequence folding TM-score where we achieve a score of
0.70. However, Boltz-2 outperforms LeFlur-pl on ligand
placement where it achieves GF+IP of 49.6% vs. 26.4%,
while RF3 lags with 20.8%.

Protein-ligand forward folding. In the forward folding
task with conditioning ligand information the model must
predict the protein ligand complex 3D structure, Y, given
a fixed amino acid sequence X, ligand atoms, ligand bond
matrix, and ligand structure tokens. In our framework, this
corresponds to fixing the sequence tokens x; (tseq = 1),
ligand structure tokens and sampling the structure trajectory
tetruc from O to 1.

We measure performance on the Posebusters bench-
mark (Buttenschoen et al., 2024) using TM-score and
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Table 1. Inverse Folding Performance on the CAMEO 2022 Benchmark. Bold indicates the best model for that column; underline indicates
the best token-based model. Suffix legend: N30 = best-of-30 candidates per target; NLL = candidates ranked by joint pseudo-NLL
(Section 4.5); SR8/SR9 = Self-Reflection with forward-folding TM-score cutoff 7rm=0.833/0.9; oracle = candidates ranked by

ESMFold TM-score (upper bound for the ranker).

Model Tokens AAR (%) TM RMSD (A) Pass (%) pLDDT
ProteinMPNN 42.93 0.85 4.18 55.9 0.75
DPLM-2 650M 8192 49.22 0.81 4.84 41.7 0.72
LeFlur-P 470M SLQ 256 34.00 0.76 4.60 37.0 0.66
LeFlur-P N30 NLL 470M SLQ 256 34.90 0.80 4.73 394 0.70
LeFlur-P N30 SR8 470M SLQ 256 35.10 0.81 4.49 394 0.70
LeFlur-P N30 SR9 470M SLQ 256 34.68 0.81 4.44 40.2 0.70
LeFlur-P N30 oracle 470M SLQ 256 35.11 0.86 3.18 52.0 0.71

Table 2. Protein Ligand Inverse Folding Performance on the PoseBusters Benchmark (Buttenschoen et al., 2024). AAR P represents the
binding pocket measuring AAR at the pocket residues within a 5 A radius of ligand atoms. TM-score and GF+IP are computed from
a Boltz-2 (Passaro et al., 2025) cofold of (predicted-sequence, GT-ligand-SMILES) against the GT crystal structure; GF+IP requires
TM > 0.5 AND at least one ligand atom within 6A of a pocket residue. Suffix legend: N30 = best of 30 candidates per target;
NLL = candidates ranked by joint protein pseudo-NLL (joint_protein, sum of seq and struc NLL with the ligand held clean, see
Section 4.5); oracle = candidates ranked by GF+IP (upper bound for the ranker).

Model Tokens AAR (%) AARP (%) TMscore GF+IP (%)
LigandMPNN 52.87 59.40 0.647 41.5
LeFlur-pl 470M 4375 68.20 74.80 0.603 41.6
LeFlur-pl N30 NLL 470M 4375 67.47 75.37 0.595 41.6
LeFlur-pl N30 oracle 470M 4375 66.60 75.18 0.640 70.4

RMSD of the overall fold, in addition we score ligand pocket
placement with GF+IP. We compare against RF3 (Corley
et al., 2025) and Boltz-2 in single sequence mode. We find
that we outperform all of the specialized models on single
sequence folding TM-score where we achieve a score of
0.70. However, Boltz-2 outperforms LeFlur-pl on ligand
placement where it achieves GF+IP of 49.6% vs. 26.4%,
while RF3 lags with 20.8%.

4.4. Unconditional Generation

Protein only unconditional generation. In the uncondi-
tional generation task, the model must jointly sample an
amino acid sequence X and its corresponding 3D structure
Y from the learned joint distribution Py (X, Y"). We evaluate
the quality of these generations by assessing their structural
viability (pass rate), and topological diversity (number of
fold clusters), secondary structure diversity (helix-strand-
coil percentages) across lengths ranging from 100 to 500
residues.

As detailed in Table 5, we compare against state-of-the-art
models in continuous (La Proteina) and discrete genera-
tion (DPLM-2). Our standard LeFlur-p model outperforms
them in pass rate where we achieve 84.8% vs. La Proteina’s
79.6%, while maintaining a higher cluster count of 301 vs.
169. DPLM-2, although it has a lower pass rate, is very

diverse in terms of secondary structures with a H/S/C of
38.2/17.2/44.6. We find that adding bias to the valine log-
its allows us to increase our strand percentage going from
H/S/C of 84.3/0.2/15.5 to 69.1/7.0/24.0 while maintaining a
pass rate of 75.8%.

Ligand conditioned generation. In the ligand condi-
tioned generation task the model must generate a protein
ligand complex 3D structure, Y 1, given fixed ligand atoms
and ligand bond matrix, but with masked ligand, structure,
and sequence tokens. We take 4 ligands: IAI, FAD, SAM,
and OQO from Didi et al. (2026) (the Proteina-Complexa
benchmark setup) and follow the Boltz-design evaluation
protocol of Cho et al. (2025); we generate 100 designs per
ligand, and consider a successful design if Boltz predicts
the sequence-ligand pair with high confidence (ipTM>0.9
and iPDE<1).

As detailed in Table 6, we compare against the state-of-
the-art model Proteina-Complexa (Didi et al., 2026). We
find both models to have low success rates with Proteina
Complexa getting a 7.2% success rate while LeFlur-pl lags
with 2%. Future work is needed to improve the success rate
for both models.
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Table 3. Forward Folding Performance on the CAMEO 2022 Benchmark. Bold indicates the best model for that column; underline
indicates the best token-based model. Suffix legend: N30 = best-of-30 candidates per target; NLL = ranked by structure-token pseudo-NLL;

Oracle =ranked by ESMFold TM-score (upper bound).

Model Tokens TM-Score RMSD (/QX) Pass Rate (%)
ESMFold 3B 0.85 4.34 49.6
DPLM-2 650M 8192 0.70 7.40 11.8
LeFlurP 470M SLQ 256 0.67 11.97 17.3
LeFlurP N30 NLL 470M SLQ 256 0.69 12.34 17.3
LeFlurP N30 Oracle 470M SLQ 256 0.75 6.73 26.8

Table 4. Protein Ligand Forward Folding Performance on the PoseBusters Benchmark (Buttenschoen et al., 2024). GF+IP represents
percentage of predictions with a 7'M -score >0.5 and at least one atom of the ligand within 6A of a residue in the binding pocket. Suffix
legend: N30 = best of 30 candidates per target; NLL = candidates ranked by joint protein pseudo-NLL (joint_protein = sum of seq
and struc NLL with the ligand held clean, see Section 4.5); oracle TM/ oracle GF+IP = candidates ranked by the GT-task quality

metric (upper bounds).

Model Tokens TM-Score RMSD (A) GF+IP (%)
RF3 0.437 17.14 20.8
Boltz2 0.651 11.73 49.6
LeFlur-pl 470M 4375 0.703 12.19 26.4
LeFlur-pl N30 NLL 470M 4375 0.755 10.00 28.5
LeFlur-pl N30 oracle TM 470M 4375 0.793 7.59 30.1
LeFlur-pl N30 oracle GF+IP 470M 4375 0.696 11.22 56.9

4.5. Inference time scaling

Log Likelihood as a confidence module. Given that we
operate in discrete space we can use the model’s own like-
lihood as a proxy for a confidence head (Jumper et al.,
2021). We calculate negative log likelihood (NLL) either
for the sequence tokens, structure tokens, or both. We find a
strong correlation (Figure S1,Figure S2, Table S6,Table S10)
in inverse, forward folding, and unconditional generation.
Interestingly, we find structure token NLL to be the most
predictive for forward folding accuracy (tm score of predic-
tion vs gt structure), and sequence NLL for inverse folding
accuracy (percent identity towards the gt sequence). For
unconditional generation we find the structure token NLL is
more predictive of ESMFold Tm score, but only at longer
lengths where the model struggles generating (Table S8).
We apply these finding to improve our forward and inverse
folding results in the Cameo dataset. Given that our model
is generative we can run it N times per sequence (or back-
bone) and get diverse results. We take advantage of this and
our ability to predict a correct fold (or sequence) per NLL,
to rank and select. Doing this we can increase our tm-score
from 0.67 to 0.69 in forward folding (Table 3). There is still
room to grow as a perfect oracle would increase it to 0.75.
For inverse folding we can increase the pass rate from 37.0
to 39.4, while a perfect oracle optimizing tm score would
increase it to 52 (Table 1). For unconditional generation
we see a substantial improvements of pass rate from 75.8
to 84.8 for the valine logit-bias variant, at the cost of sec-

ondary structure (strand percentage goes from 7% to 3.6%
(Table 5).

NLL ranking transfers to the 4-modality protein-ligand
model. The same pseudo-NLL recipe extends to LeFlur-pl
by scoring each of the four modalities (protein seq, protein
struc, ligand atom, ligand struc) and combining them. the
per-task NLL < quality Spearman correlations (analogous
to Tables S6 and S7) are reported for the protein-ligand
model in Tables S14 and S15. On the PoseBusters protein-
ligand benchmark with N=30 candidates per target, the
joint protein pseudo-NLL ranker (joint_protein, sum
of seq and struc NLL with the ligand held clean) signifi-
cantly improves forward folding (Table 4): mean TM rises
from 0.654 (random_pick, Table S16) to 0.755 (+0.101,
paired Wilcoxon p < 10~%). The same ranker raises GF+IP
from 24.4% to 28.5%, but the GF+IP oracle reaches 56.9%.
For protein-ligand inverse folding (Table 2, evaluated by
Boltz-2 cofolds of the predicted sequences), our results are
not significant, suggesting our previous correlation signals
indicate the difficulty in designing a sequence for that tar-
get, but not being able to find a sequence for that target.
On ligand-conditioned generation using the PoseBusters
ligands (Table S18), the joint-true-4 pseudo-NLL ranker
more than doubles the strict ipTM > 0.9 and iPDE < 1
pass-rate from 6.4% (random_pick) to 15.2% (McNe-
mar p=0.019), while the per-target Boltz-2 oracle reaches
32.8%.
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Table 5. Unconditional Generation Performance averaged across lengths 100—500. H/S/C are the helix, strand, and coil percentage of
generated structures (DSSP). Suffix legend: —val = valine logit-bias variant (+1 on the valine logit for the first 25 sampling steps, see
Appendix K); NLL = candidates ranked by joint pseudo-NLL; sr8/sr9 = Self-Reflection with TM cutoff 0.833/0.9.

Method Tokens Pass (%) AvgTM H/S/C (%) Clusters
Genie2 + ProteinMPNN 52.0 0.808 67.6/5.5/26.9 223
Proteina + ProteinMPNN 66.4 0.909 55.6/11.7/32.8 230
La Proteina 650M 79.6 0.922 70.7/6.2/23.1 169
DPLM-2 650M 8192 60.4 0.85 38.2/17.2/44.6 141
LeFlur-p 470M SLQ 256 84.8 0.937 84.3/0.2/15.5 301
LeFlur-p-val 470M SLQ 256 75.8 0.895 69.1/7.0/24.0 288
LeFlur-p-val NLL 470M SLQ 256 84.8 0.887 76.8/3.6/19.6 310
LeFlur-p-val-sr8 470M SLQ 256 81.8 0.937 74.2/6.1/19.7 310
LeFlur-p-val-sr9 470M SLQ 256 85.2 0.938 74.8/5.9/19.3 312

Table 6. Ligand-conditioned generation. Length 100, 100 designs per ligand, ligands: IAI, FAD, SAM, OQO. A design passes if

Boltz (Passaro et al., 2025) predicts ipTM > 0.9 and iPDE < 1.0.

Method Tokens Pass (%) ipTM iPDE unique ligands
Proteina Complexa 650M 7.2 0.750 1.669 4
LeFlur-pl 470M 4375 2 0.678 2.431 2

Self Reflection. Recent advances in Large Language Mod-
els (LLMs) have demonstrated that self-verification sig-
nificantly improves reasoning capabilities (Weng et al.,
2023). We extend this paradigm to de novo protein design.
However, unlike standard LLLM tasks which are conditional
(Given Question — Generate Answer), our setting is uncon-
ditional: we jointly generate both the amino acid sequence
and the 3D structure. We propose a verification mechanism
based on Mutual Information Maximization. By enforc-
ing that the generated sequence must accurately predict the
generated structure (folding), we minimize the conditional
entropy of the pair.

Let My be a unified probabilistic model defined over the
joint space of protein sequences X and structures Y. Our
objective is to sample valid protein pairs (X, Y’) from the
joint distribution Py(X,Y’) such that the pair is physically
realizable: the sequence X must intrinsically encode the
structure Y as its global free energy minimum. We posit
that the physical validity of a generated pair is quantifiable
by the Pointwise Mutual Information (PMI) between the
sequence and structure tokens. We seek to maximize:

P(X,Y
I(X;Y) =Epxy) [log P()(()P(})/)
(6)
where H (Y') is the marginal entropy (structural diversity)
and H(Y|X) is the conditional entropy (folding uncer-

tainty).

To maximize [(X;Y’) while maintaining diversity (high
H(Y)), we must minimize the conditional entropy
H(Y|X). In practice we operationalise this with a forward-

} = H(Y)-H(Y|X)

folding self-consistency check: given the generated se-
quence &, we re-sample a structure § ~ Py(- | Z) from
the model’s own conditional distribution and accept the pair
(z,9) if and only if the re-folded structure agrees with the
originally generated structure within a TM-score cutoff 7ry:

N

A high TM-score implies that & approximately determines
y under P, i.e. that & acts as a sufficient statistic for § and
that H(Y | X) is small for this pair.

TM(g, ) > Trm, g~ Po(y| ).

Self Reflection Boosts Performance where model strug-
gles. To further motivate the use of LeFlur as a verifier
we confirm that there is a positive correlation between the
model’s predictions and ESMFold (Fig. S3). We then run
self reflection on LeFlur-p and LeFlur-p-val using a forward-
folding TM-score cutoff 7y of 0.833 (denoted SR8) and
0.9 (denoted SR9). We find self reflection is particularly
helpful in the high length ranges of LeFlur-p-val where it
struggles relative to LeFlur-p, and is negligible elsewhere
(Fig. S4). As demonstrated in Table 5, we can take LeFlur-
p-val and apply self reflection to length 400 and 500 and
increase the pass rate from 75.8 to 85.2, while also increas-
ing the number of clusters from 288 to 312. We also apply
it to inverse folding and boost the pass rate from 37.0% to
40.2%.

5. Conclusion

We introduced LeFlur, a unified generative framework
built on the LatentGenerator, a universal tokeniser that
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compresses proteins, small molecules, and protein-ligand
complexes into a shared discrete vocabulary while replac-
ing equivariant backbones with standard transformers and
S E(3) data augmentation, achieving reconstruction RMSDs
of 1.26 A on proteins, 0.29 A on small molecules, and 1.00 A
on protein-ligand complexes. Discretisation lets us apply
optimized text transformers directly: LeFlur-p matches or
exceeds protein-only baselines on inverse folding (53.60%
AAR), forward folding (0.76 TM), and unconditional gener-
ation (84.8% pass), and LeFlur-pl extends the same recipe
to protein-ligand inverse folding (74.80% pocket AAR),
forward folding (0.70 TM, 26.4% correct pocket place-
ment), and ligand-conditioned generation. Because the
model operates in discrete space, pseudo-likelihoods and
self-consistency act as built-in verifiers: NLL ranking lifts
CAMEO forward-fold TM from 0.67 to 0.69 and valine
biased unconditional pass-rate from 75.8% to 84.8%. We
can further easily extend NLL ranking to protein ligands,
for instance we lift ligand conditioned forward folding from
0.703 TM and 26.4% correct pocket placement to 0.755
TM and 28.5% correct pocket placement. Self-Reflection
raises valine biased unconditional pass-rate from 75.8% to
85.2% and CAMEO inverse folding pass rate from 37.0% to
40.2% without an external oracle. LeFlur thus offers a single
tokenised latent space for joint sequence-structure design,
with natural extensions to protein-DNA and protein-protein
complexes and LLM integration.

Limitations. LeFlur-pl predicts the protein backbone of
a complex accurately but does not co-localise the ligand as
well as specialised co-folders (GF+IP 26.4% vs. 49.6% for
Boltz-2; Table 4), and ligand-conditioned design success
(2%) trails Proteina-Complexa (Didi et al., 2026) (7.2%,
Table 6). The small-codebook SLQ regime does not scale to
protein-ligand vocabularies (SLQ-4,096 degrades complex
RMSD to 4.680 A; Table S3), so we use FSQ for LeFlur-
pl; even so, ligand outputs require a constrained MMFF94
relaxation to reach sub-0.3 A geometry (0.395—0.291 A;
Table S2).
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Impact Statement

LeFlur is a generative model for joint sequence-structure de-
sign of proteins and protein-ligand complexes. By unifying
inverse folding, forward folding, and unconditional/ligand-

conditioned generation under a single set of weights, LeFlur
lowers the engineering and compute barriers to running
protein-design pipelines that previously required orches-
trating multiple specialised models (Watson et al., 2023;
Pacesa et al., 2025; Stark et al., 2025). Its built-in pseudo-
likelihood and Self-Reflection verifiers further reduce re-
liance on heavy external structure-prediction oracles. These
properties may help accelerate research in protein engineer-
ing, enzyme design, antibody and small-molecule binder
discovery, biosensor development, and basic structural bi-
ology, particularly in academic and resource-constrained
settings. Like other generative biomolecular design tools,
LeFlur could in principle be misused to design biomolecules
with harmful function. We mitigate this risk by training
only on public protein-monomer and small-molecule com-
plex data (PDB/OpenProteinSet, AFDB SwissProt, GEOM,
PDBbind, PLINDER, SAIR; see Appendix G) with no en-
richment for hazardous targets, and discuss broader impact
considerations in detail in Appendix N.
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Supplementary Information

A. LatentGenerator Further details

To ensure that our discrete token reconstruction capabilities are invariant to the global orientation of the input molecule, we
perform data augmentation during training. For every training sample, we apply a random rigid transformation sampled
from the special Euclidean group SE(3), defined as Y’ = RY + t, where R € SO(3) and t € R3. The encoder-decoder
is then trained to reconstruct the infernal/relative geometry of the original structure rather than its absolute coordinates:
the predicted coordinates Y live in an arbitrary global frame, and the L? reconstruction loss (Eq. 1) compares them to the
ground truth only after a Kabsch rigid alignment. The pairwise-distance loss (Eq. 2) is itself S F(3)-invariant. This way
the model learns reconstruction equivariance up to a global rigid transformation without requiring specialized equivariant
architectures.

Encoder. Given protein backbone coordinates Y, € REr*3x%3 (representing N, C,,, and C atoms per residue) and a residue
mask m,, € {0, 1}%#, we form two complementary inputs: a per-residue patch embedding P, c RE»*4 (a linear projection
of the flattened nine backbone coordinates per residue) and a pairwise inter-atomic distance tensor D, € RE»* 29 (the
3 x 3 atom-atom distance matrix between residue pairs). The pairwise tensor is reduced along its second axis via a learned
MLP followed by mean-pooling over the L,, context dimension to yield a 1D summary D,, € RL»*< which is concatenated
with P, and projected back to dimension d by an MLP, giving Z,, € RL»*d_ These are then processed into the protein
latent representation Z = &(Z,, m,) € RL»*? where d is the latent dimension. For the protein-ligand modality, ligand
atom coordinates Y, € RZ¢*3 and an atom mask m, € {0,1}%¢ are jointly encoded by first embedding the ligand as
Z, = Embed(Y) and then computing Z = &y ([Z,; Z¢], [m,; my]), where [-; -] represents concatenation along the sequence
dimension.

Quantizer. After joint encoding, the combined embeddings are split and quantized separately to account for the distinct
structural characteristics of each molecular type. Specifically, we partition the joint latent representation into protein and
ligand components. These are then mapped to their discrete representations via modality-specific quantization functions,

yielding C,, = Qép) (Z,,m,) for the protein and C; = ng) (Zy, my) for the ligand.

Decoder. The decoder mirrors the encoder architecture, tasked with reconstructing the original Cartesian coordinates from
the quantized tokens. Given the discrete representations C,, and Cy, the decoder D,; predicts the reconstructed protein
backbone coordinates Y, = Dy (C,p, m,) € RF»*3%3 and the ligand atom coordinates Y, = Dy (Cy,my) € RE*3,
This architecture ensures that the structural information is effectively bottlenecked within the discrete latent space before
reconstruction.

B. Quantization with Finite Scalar Quantization (FSQ)

FSQ (Mentzer et al., 2023) provides an alternative codebook-free quantization approach by discretizing each dimension
independently using fixed scalar levels; schematics comparing this to SLQ are provided in Fig S10. We first define a vector
oflevels L = (L1, ..., Lp), which determines an implicit codebook size K = H§:1 L. For example, a level configuration
of L = (8,6,5) yields K = 240 discrete tokens. To quantize the latent representation, the encoder embeddings are projected
to D dimensions, z € R”, and subjected to a three-step transformation. First, we bound the continuous values using a
scaled tanh function, Z; = Ld;l -tanh(zq + 04) — 04, Where 04 and o4 are offsets that handle even or odd level counts.
Second, we round these values using a straight-through estimator to maintain gradient flow, 2, = 24 + sg(|Z4] — Z4), where
sg denotes the stop-gradient operator (so the forward pass evaluates to the rounded scaled projection | Z;| while gradients
flow through Z;). Finally, the values are normalized to the range [—1, 1] via Z; = 24/(L4//2). This process ensures a fixed,
deterministic discretization without the need for learned codebook embeddings.
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C. Constrained Geometrical Refinement

To ensure optimal structural fidelity, ligand molecular geometries were refined after decoding using a constrained force
field minimization protocol within the Open Babel framework (O’Boyle et al., 2011). Potential energy minimization was
performed using the MMFF94 force field coupled with a robust set of geometric constraints applied via a harmonic penalty
function with a scaling factor of & = 10%. Ideal bond lengths, d;;, were calculated based on the sum of atomic covalent radii
r; and r;, adjusted for bond order (BO) and aromaticity as follows:

dij = (’I“i + Tj) X Oé(BO) (®)

where the scaling factor « was assigned values of 1.00 for single bonds (BO = 1), 0.87 for double bonds (BO = 2), 0.78
for triple bonds (BO = 3), and 0.91 for aromatic bonds. Valence angles 6;;, were constrained to values determined by the
hybridization state (hyb) of the central vertex atom; for sp hybridization 6;4eq; = 180°, for sp? hybridization 6;4.q; = 120°,
and for sp® hybridization 0;4.,; = 109.47°. Structural convergence was achieved using the Conjugate Gradients algorithm.
This ensures that the local chemical geometry is idealized to high precision while the global conformation and binding
pose—captured by the model’s latent representation—remain largely unperturbed.

D. Reconstruction Tables

14



LeFlur: Latent Structure Tokens for Biomolecular Design

Table S1. LatentGenerator Structure Reconstruction Performance. Evaluated on CASP15 proteins (< 512 residues). Token counts
denote codebook sizes for protein and ligand components respectively. RMSD values are reported as Average -+ Standard Deviation.

Tokens RMSD (A)
Model Quant. Prot Lig Avg £ Std
LG Protein (cont.) ~ None 0.462 4+ 0.322
LG Prot-Lig (cont.) None 0.651 £+ 0.339
LG Protein SLQ SLQ 256 1.647 + 0.535

LG Prot-Lig SLQ SLQ 256 512 1.873 + 1.054
LG Prot-Lig SLQ SLQ 4096 4096  3.097 £ 2.009
LG Protein FSQ FSQ 240 1.848 £1.194
LG Prot-Lig FSQ FSQ 4375 4375  1.260 £ 0.632
LG Prot-Lig FSQ FSQ 4375 15360 1.418 £0.810

Table S2. LatentGenerator Ligand Reconstruction Performance. Evaluated on ligand structures from the GEOM dataset. Token
counts denote protein and ligand codebook sizes respectively. RMSD values are reported as Average + Standard Deviation.

Tokens RMSD (A)
Model Quant.  Prot Lig Avg + Std
LG Prot-Lig (cont.) None 0.043 +0.011
LG Ligand SLQ SLQ 512 0.752 +0.305
LG Prot-Lig SLQ SLQ 256 512 0.920 + 0.236
LG Prot-Lig SLQ SLQ 4096 4096  1.239 +0.335
LG Prot-Lig FSQ FSQ 4375 4375  0.395 + 0.059
LG Prot-Lig FSQ FSQ 4375 15360 0.295 + 0.052

LG Prot-Lig FSQ (min.) FSQ 4375 4375  0.291 + 0.056
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Table S3. Protein-Ligand Complex Reconstruction Performance on PDBbind. Token counts denote protein and ligand codebook sizes.
RMSD values are reported as Average + Standard Deviation.

Tokens RMSD (A)
Model Metric Prot Lig Align Avg £ Std
LG Prot-Lig (cont.) Protein - - Indiv. 0.496 £ 0.019
LG Prot-Lig SLQ Protein 256 512 Indiv. 1.483 +0.232
LG Prot-Lig SLQ Protein 4096 4096 Indiv. 4.740 £ 3.010
LG Prot-Lig FSQ Protein 4375 4375 Indiv. 1.008 £ 0.107
LG Prot-Lig FSQ Protein 4375 15360 Indiv. 1.010 + 0.107
LG Prot-Lig (cont.) Ligand - - Indiv. 0.499 +£ 0.046
LG Prot-Lig SLQ Ligand 256 512 Indiv. 1.411 £ 0.593
LG Prot-Lig SLQ Ligand 4096 4096 Indiv. 1.620 £ 0.711
LG Prot-Lig FSQ Ligand 4375 4375 Indiv. 0.705 + 0.139
LG Prot-Lig FSQ Ligand 4375 15360 Indiv. 0.657 £ 0.146

LG Prot-Lig FSQ (min.)  Ligand 4375 4375 Indiv. 0.468 + 0.139

LG Prot-Lig (cont.) Complex - - Joint 0.507 £ 0.019
LG Prot-Lig SLQ Complex 256 512 Joint 1.567 + 0.343
LG Prot-Lig SLQ Complex 4096 4096 Joint 4.680 £ 2.962
LG Prot-Lig FSQ Complex 4375 4375 Joint 1.011 £ 0.127
LG Prot-Lig FSQ Complex 4375 15360 Joint 1.009 £ 0.138

LG Prot-Lig FSQ (min.)  Complex 4375 4375 Joint 1.004 + 0.119

LG Prot-Lig (cont) Protein - - Joint(¢) 0.496 £+ 0.019
LG Prot-Lig SLQ Protein 256 512 Joint (c) 1.507 £ 0.294
LG Prot-Lig SLQ Protein 4096 4096 Joint (¢)  4.761 £ 3.033
LG Prot-Lig FSQ Protein 4375 4375 Joint (c) 1.013 £ 0.116
LG Prot-Lig FSQ Protein 4375 15360  Joint(c)  1.017 £0.139
LG Prot-Lig (cont) Ligand - - Joint (¢)  0.607 £ 0.103
LG Prot-Lig SLQ Ligand 256 512 Joint (c)  2.306 £ 0.758
LG Prot-Lig SLQ Ligand 4096 4096 Joint (¢)  3.589 +2.151
LG Prot-Lig FSQ Ligand 4375 4375 Joint (¢c)  1.011 £0.271
LG Prot-Lig FSQ Ligand 4375 15360  Joint(c)  0.998 + 0.299

LG Prot-Lig FSQ (min.)  Ligand 4375 4375 Joint (¢c)  0.854 + 0.290
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E. Campbell et al. ICML 2024 Benchmark Results
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Table S4. Inverse Folding Performance on the Campbell et al. ICML 2024 Benchmark. Bold indicates best model for that column while
underline means best token based model.

Model Tokens AAR (%) TM RMSD (A) Pass(%) pLDDT
ProteinMPNN 4654 093 1.31 84.6 0.77
DPLM-2 650M 8192 5556  0.88 1.90 77.1 0.74
LeFlur-p 470M SLQ 256 53.60  0.85 2.15 71.1 0.71

Table S5. Forward Folding Performance on the Campbell et al. ICML 2024 Benchmark. Bold indicates best model for that column while
underline means best token based model.

Model Tokens TM-Score RMSD (A) Pass Rate (%)
ESMFold 3B 0.91 2.88 64.6
DPLM-2 650M 8192 0.77 5.29 24.9
LeFlurP 470M SLQ 256 0.76 6.41 28.7

18



LeFlur: Latent Structure Tokens for Biomolecular Design

F. Inference time scaling

Calculating NLL with sequence and structure. Leflur-p is trained as an absorbing-state discrete flow / any-order
autoregressive (AO-ARM) model on the joint sequence—structure tokens = = (2°°9, 25'7) of length L.! For each modality
m € {seq, str}, the corruption process masks each position independently with probability 1 — ¢, producing xim) with
masked set Mgm). The standard AO-ARM identity (Austin et al., 2021; Uria et al., 2014; Sahoo et al., 2024) states that
the expected denoising cross-entropy is the per-position negative log-likelihood of (") under the random-permutation
factorisation, Epy(.1)[Lr ()] = —L ! log pe(z(™), so we estimate the per-position pseudo-NLL of a sample (29, z°t)
with K =32 stratified-t Monte-Carlo draws? as

K 1

NLL(z) = > %Z

mée{seq, str} k=1 ‘Mtgem)|

m m K00 10 0 :L.seq’ Z‘Str
iEMti,’m)

which we refer to as JOINT_SCORE_UNIF; the per-modality estimators SEQ_SCORE_UNIF and STRUC_SCORE_UNIF are
defined by restricting the outer sum to m=seq and m=str respectively, and when scoring one modality the other is held
clean (t=1). This makes the choice of head task-dependent: in forward folding (seq given) the sequence head sees a fixed
input and contributes little selection signal, so STRUC_SCORE_UNIF dominates (p= — 0.77 vs. TM, vs. p= — 0.60 for
the seq head); in inverse folding (str given) the structure head is fixed and the two heads carry complementary signal
— SEQ_SCORE_UNIF is the strongest predictor of %-identity (p= — 0.80) while JOINT_SCORE_UNIF is the most stable
predictor of predicted-structure quality (p= — 0.67 vs. pLDDT). In unconditional generation the signal is real but markedly
weaker (best |p| = 0.25), reflecting the compressed dynamic range of Leflur-p’s better-trained candidate distribution relative
to its noisier early checkpoints; here JOINT_SCORE_UNIF is the most consistent ranker across pPLDDT and RMSD, while
STRUC_SCORE_UNIF alone is the best predictor of ESMFold TM-score.

Inference-time cost. Self-Reflection adds wall-clock cost on top of single-pass generation but stays entirely within LeFlur
and avoids any external folding oracle. Our default configuration runs 7'=400 steps per generation, and for each that fails
the TM cutoff, performs at most 30 generation and forward-folding retries (100 inference steps each for forward-folding)
using LeFlur’s own conditional structure sampler; in the worst case a single design therefore requires 30 x 400 + 30 x 100
NeoBERT forward passes. In practice the retry budget is rarely exhausted because most designs that pass on the first attempt
incur no retries at all, so the effective per-design cost is much closer to the single-pass figure than to this worst case. The
PLL-based best-of-N ranker is the more reasonable in worst case: if we use best-of-N=30 each candidate needs K =32
stratified Monte-Carlo draws (Appendix F), so would require 30 x 400 + 30 x 32 NeoBERT forward passes. We emphasise
that all of this compute is forward-only, batched, and shares its weights with generation; it requires no separate folding
(and inverse folding) model and replaces the standard RFdiffusion-then-ProteinMPNN-then-AlphaFold pipeline (Watson
et al., 2023). Our verification approach is conceptually closest to verbal-self-correction methods in language models such
as Reflexion (Shinn et al., 2023) and self-verification reasoners (Weng et al., 2023), recast as a check on H(Y | X) in a
multimodal sequence-structure model rather than on free-form text, and to mutual-information-based representation-learning
objectives (Lu et al., 2020) adapted here to the generative setting. Using a model-internal confidence signal as a quality filter
is also the design choice taken by the AlphaFold 2 and AlphaFold 3 confidence modules (pLDDT/pTM/PAE in Jumper et al.
(2021) and Abramson et al. (2024)).

Protein-only best-of- /N =30 per-picker breakdown. The N30 NLL and oracle rows reported in the main-body protein-
only Tables 3, 1, and 5 are best-of-N=30 results for forward folding, inverse folding, and unconditional generation.
Tables S11, S12, and S13 expand each row with the full per-picker breakdown in the same formulation as Tables S16, S17,
and S18: the random_pick single-uniform-draw reference, every PLL variant available for the task, and the per-target
oracles. We see strong selection and significance from FF and UG, but not for IF, suggesting our previous correlation signals
indicates the difficulty in designing a sequence for that target, but not being able to find a sequence for that target.

"Notation: in this appendix we use the AO-ARM convention where z; denotes the noisy/partially masked sample at time ¢ and xo
denotes the clean target. This corresponds to the discrete-flow-matching convention in Section 4.2 (where x; is the clean data and x; is
noisy) under the identification atOAO +— xPFM,

“Stratified t: K equal-width bins on (e, 1—¢) with one uniform draw per bin; this removes the dominant ¢-selection variance that

otherwise overwhelms the estimator at small K.
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Table S6. Forward folding (CAMEO, n=127). Spearman p vs. external quality metric. Lower PLL should imply higher quality, so p < 0
is desired; bold marks the strongest predictor in each column.

PLL variant vs. TM-score  vs. RMSD
SEQ_SCORE_UNIF —0.601 +0.583
STRUC_SCORE_UNIF —0.765 +0.725
JOINT_SCORE_UNIF —0.676 +0.646
JOINT_TRUE_SCORE_UNIF —0.684 +0.639

Table S7. Inverse folding (CAMEO, n=127). Spearman p vs. %-identity, ESMFold pLDDT, ESMFold TM-score, and ESMFold RMSD.

PLL variant vs. %identity  vs. pLDDT vs. ESM-TM  vs. ESM-RMSD
SEQ_SCORE_UNIF —0.803 —0.588 —0.498 +0.418
STRUC_SCORE_UNIF —0.513 —0.589 —0.600 +0.640
JOINT_SCORE_UNIF —0.742 —-0.671 —0.638 +0.618
JOINT_TRUE_SCORE_UNIF —0.676 —0.758 —0.672 +0.640

Calculating NLL with protein and ligand tokens. LeFlur-pl extends the protein-only AO-ARM construction in Eq. 9 to a
complex represented by four token streams: protein sequence z°°% and protein structure =5 as before, plus ligand atom-type
tokens 783%™ and ligand structure tokens 8%, Training masks all four modalities under a shared t ~ U(0, 1), so the
same AO-ARM identity holds over the joint state x = (2°°9, 5t7 glig-atom glig-stry.

1
leogpg(x) = Eiv0) Z Lo (t), M = {seq, str, lig-atom, lig-str}. (10)
meM

Each per-modality term is estimated with the same K = 32 stratified-¢t Monte-Carlo draws as in Eq. 9, restricted to the
masked positions of that modality. The 8 PLL variants reported in Tables S14—S15 and used by the pickers in Tables S16,
S17, and S18 are:

* SEQ, STRUC, LIG_ATOM, LIG_STRUC: The four single-modality scores, computed by restricting Eq. 10 to one
modality and holding the other three clean (t = 1).

* JOINT_PROTEIN = SEQ + STRUC: The protein-only sum with the ligand held clean. Mirrors LeFlur-p’s
JOINT_SCORE_UNIF.

* JOINT_LIGAND = LIG_ATOM + LIG_STRUC: The ligand-only sum with the protein held clean.

* JOINT_ALL = SEQ + STRUC + LIG_ATOM + LIG_STRUC: The additive sum of all four single-modality scores.
Each summand is computed with the other three modalities held clean; this is convenient and modality-decomposable
but is not an unbiased estimator of the 4-modality joint NLL.

* JOINT_TRUE_4: Applies Eq. 10 directly—one shared ¢ draw masks all four modalities simultaneously, and the score
is averaged over the union of masked positions across modalities. This is the unbiased K — oo estimator of the
4-modality joint — log pg(x)/L.

The _uni f suffix everywhere denotes the uniform-¢ stratified estimator described above; we use _uni f throughout the
paper because the AO-ARM identity holds in expectation under uniform ¢. As in the protein-only setting, lower PLL should
imply higher quality, so p < 0 is the desired sign for “higher-is-better” metrics (TM, AAR, ligand-ipTM, GF+IP) and p > 0
for “lower-is-better” metrics (RMSD, iPDE, ligand-RMSD, ligand-centroid distance, ligand-pocket min. distance).

Protein-ligand pseudo-NLL correlations. Tables S14 and S15 report the protein-ligand analogues of Tables S6 and S7:
Spearman p between each LeFlur-pl pseudo-NLL variant (K =32 stratified-{ Monte-Carlo draws) and the corresponding
external quality metric on PoseBusters (n=123 FF / n=125 IF, CG; L <512 filter). As in the protein-only setting, lower
PLL should imply higher quality, so p<0 is the desired sign for “higher-is-better” metrics (TM-score, AAR) and p>0 for
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Table SS. Per-length PLL <> ESMFold TM-score correlations on LEFLUR-P-VAL unconditional generation. PLL = Monte-Carlo estimate
of the any-order AR log-likelihood with K = 32 stratified-¢t random draws per modality. Each cell shows Pearson r / Spearman p. Lower
(more negative) is better. n = 100 per length cell, n = 500 in the aggregate column. Strongest variant per column in bold.

PLL variant L =100 L =200 L =300 L =400 L =500 Agg.

seq -0.17/-0.12 —-0.06/-0.22 —-0.24/-0.20 —-0.16/-0.17 —0.20/-0.22 —0.10/-0.16
struc —-0.29/-0.46 —-0.42/-0.44 —-043/-056 —-0.38/-0.43 -0.68/-0.73 —-0.45/-0.60
joint —-0.30/-0.38 —-0.24/-0.39 —-0.37/-0.37 —0.29/-0.32 —0.50/-0.54 —0.33/-0.44
joint_true -0.28/-0.50 -0.30/-0.52 —-0.25/-0.31 —0.33/-0.39 —0.56/-0.62 —0.38/—0.55

Table S9. Per-length pooled correlations of st ruc_pl1l vs ESMFold sc-TM on unconditional generation (LEFLUR-P-VAL, K = 32
stratified MC draws). N = 300 candidates per length (10 slots x 30 best-of-N draws).

Length N Pearsonr Spearmanp Designable RMSD<2A) sc-TM mean

100 300 —0.25 —0.36 96.0% 0.91
200 300 —0.21 —0.33 95.7% 0.94
300 300 —0.61 —0.45 91.7% 0.94
400 300 —0.70 —0.58 64.7% 0.85
500 300 —0.50 —0.40 21.7% 0.61

“lower-is-better” metrics (RMSD, ligand RMSD, ligand centroid distance, ligand pocket min. distance). Bold marks the
strongest predictor in each column. The per-task hierarchy mirrors protein-only LeFlur-p exactly: st ruc_pl1l dominates
FF protein-quality columns (TM, RMSD), seq_pl11 dominates IF (AAR), and ligand-aware variants (1ig_struc_pll,
joint_ligand_pll, joint_all_pll) dominate ligand-pose columns. The 4-way joint_true_4 estimator is
competitive but not universally best.

Best-of- N =30 per-picker breakdown. The N30 NLL and oracle rows reported in Tables 4 and 2 are best-of-N=30
results from sampling 30 independent candidates per target and then selecting with the given selector. Tables S16 and S17
expand this with the full per-picker breakdown (mirroring Table S18): the random_pick single-uniform-draw reference,
all 8 PLL variants, and the per-target oracles for each main-table quality metric.

Best-of- N =30 ligand-conditioned generation on PoseBusters. The CG benchmark in Table 6 (4 ligands x 100 designs
from Didi et al. (2026)) is a separate, smaller suite focused on whether any sample passes a strict cofold filter. Table S18
reports the analogous best-of-/N =30 study run on the full PoseBusters suite. Each candidate is then folded with Boltz-2
against the GT ligand SMILES (3,750 cofolds total), and both_pass is iptm > 0.9 AND ipde < 1.0. The PLL ranker more
than doubles the strict pass-rate over random_p1i ck, but a per-target Boltz-2 oracle would recover 32.8%.
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Table S10. Within-target rank-correlation analysis on CAMEO (N=127 targets, K =32 stratified MC draws). For each target we have 30
best-of-V candidates; we report Spearman p and Pearson r between the PLL score and the external quality metric (TM-score for FF;
ESMFold sc-TM for IF) within each target, then average across targets. “frac p<—0.3” counts targets with at least moderate negative
rank correlation; “frac p>0" counts wrong-sign targets.

Task PLL variant p median p  frac p<—0.3 frac p>0 T
FF struc_pll —0.27 —0.28 48.0% 18.9% —0.38
FF joint_pll (sum) —0.14 —0.14 29.9% 34.6% —0.22
IF struc_pll —0.07 —0.05 11.8% 41.7% —0.08
IF joint_pll (sum) —0.06 —0.04 13.4% 417%  —0.07
IF joint_true_pll —0.01  —0.02 7.9% 472%  —0.01
r=-0.51 rho=-0.60 n=127 r=-0.73 rho=-0.77 n=127 r=-0.61 rho=-0.68 n=127
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Figure S1. NLL is indicative of correct folded structure. Spearman correlation between LeFlur-p’s pseudo-NLL on the structure
tokens (STRUC_SCORE_UNIF, K=32 stratified Monte-Carlo draws) and forward-folding TM-score on the CAMEQ 2022 evaluation set
(n=127). Each point is one (sequence, structure) pair sampled from LeFlur-p’s forward-folding mode.

Table S11. Protein-only Forward Folding best-of- N =30 per-picker breakdown (CAMEO 2022, n=127 targets). random_pick = single
uniform draw per target. struc_pll matches the LeFlurP N30 NLL 470Mrow in Table 3. oracle TM matches the LeFlurP
N30 Oracle 470M row. Pass-rate is RMSD < 2 A (the main-table convention). Bold = best PLL picker per column; underline =
overall best (oracle). p = paired Wilcoxon vs. random_pick on per-target TM-score.

Selector Tokens TM-Score RMSD (A) Pass<2A (%) p (Wilc. TM)
random_pick 256 0.653 11.53 134 —

seq _pll 256 0.660 10.53 134 0.530
struc_pll 256 0.693 12.34 17.3 <10~4
joint_pll 256 0.673 13.45 15.7 0.023
oracleTM 256 0.751 6.73 26.8 <10~*
oracle RMSD 256 0.734 5.78 27.6 <10~4
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UC best-of-30 (LEFLUR-P-VAL, n=1500 candidates over 5 lengths x =10 slots x 30 draws)
colour = struc_score_unif NLL (lower = better)
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Figure S2. NLL is indicative of sequence-structure compatibility. NLL separates poorly predicted designs from those that are well
predicted per ESMFold.

Table S12. Protein-only Inverse Folding best-of-N=30 per-picker breakdown (CAMEO 2022, n=127 targets). For each backbone, gener-
ate 30 candidate sequences and select one by the indicated ranker; ESMFold is then used to score the picked sequence. joint_true_pll
matches the LeFlur—-P N30 NLL 470Mrow in Table 1. oracle TM matches the LeFlur—-P N30 oracle 470Mrow. Pass-rate
is RMSD < 2 A. Bold = best PLL picker per column; underline = overall best (oracle). p = paired Wilcoxon vs. random_pick on
per-target ESMFold sc-TM.

Selector Tokens AAR (%) sc-TM RMSD (A) Pass<2 A (%) p (Wilc. sc-TM)
random_pick 256 35.0 0.803 4.59 339 —
seq_pll 256 352 0.795 4.76 354 0.672
struc_pll 256 349 0.805 4.48 36.2 0.143
joint_pll 256 353 0.800 4.70 33.1 0.584
joint_true_pll 256 349 0.799 4.73 394 0.198
oracleTM 256 35.1 0.860 3.18 52.0 <104
oracleAAR 256 38.7 0.811 4.23 31.5 0.130

Table S13. Protein-only Unconditional Generation best-of- N=30 per-picker breakdown (LEFLUR-P-VAL, L € {100, 200, 400, 500},
400 slots = 4 lengths x 100 slots/length, 30 candidates per slot; 12,000 candidates total). For each slot, generate 30 candidate (sequence,
structure) pairs and select one by the indicated ranker; ESMFold then scores the picked sample. Pass-rate is RMSD < 2 A (the main-table
convention). Bold = best PLL picker; underline = overall best (oracle). p = paired Wilcoxon vs. random_pick on the per-slot binary
Pass < 2 A indicator. st ruc_p11 increases Pass-rate from 69.0% to 77.8%, +8.8 pp.

Selector TM RMSD(A) pLDDT Pass<2A (%) p (Wilc. Pass)
random_pick 0.840 15.29 0.739 69.0 —
seq_pll 0.572 29.97 0.622 49.2 <1074
struc_pll 0.803 12.53 0.717 77.8 1.2x10~%
joint_pll 0.632 29.54 0.650 58.0 <1074
joint_true_pll 0.577 32.20 0.624 51.5 <1074
oracleTM 0.971 1.04 0.786 100.0 <1074
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Table S14. Protein-ligand forward folding (PoseBusters, n=123). Spearman p vs. external quality metric. Lower PLL = higher quality,
so the desired sign is < 0 for TM-score and > 0 for the three distance/RMSD metrics; bold = strongest predictor per column.

PLL variant vs. TM  vs. RMSD vs. lig. RMSD vs. lig. centroid
SEQ_SCORE_UNIF —0.608 +0.553 —0.225 +0.007
STRUC_SCORE_UNIF —0.691 +0.620 +0.022 +0.058
LIG_ATOM_SCORE_UNIF +0.149 —0.073 —0.007 +0.218
LIG_STRUC_SCORE_UNIF —0.040 +0.044 +0.273 +0.189
JOINT_PROTEIN_SCORE_UNIF  —0.674 +0.603 —0.150 +0.031
JOINT_LIGAND_SCORE_UNIF +0.010 +0.011 +0.244 +0.225
JOINT_ALL_SCORE_UNIF —0.601 +0.558 —0.034 +0.135
JOINT_TRUE_4_SCORE_UNIF —0.661 +0.573 —0.115 +0.017

Table S15. Protein-ligand inverse folding (PoseBusters, n=125 targets x 30 candidates = 3,750 rows). Spearman p between each PLL
variant and the indicated quality metric. AAR is the design-time amino-acid-recovery metric used in the main body; the remaining four
columns are post-hoc Boltz-2 cofolds of the picked (predicted seq, GT ligand SMILES) pair: ligand-ipTM, complex iPDE, TM-to-GT,
and the GF+IP pass indicator (TM > 0.5 AND ligand inside the pocket). Lower PLL = higher quality, so the desired sign is p<0 for
higher-is-better metrics (AAR, lig. ipTM, TM, GF+IP) and p>0 for the lower-is-better iPDE. Bold = strongest predictor per column.

PLL variant vs. AAR  vs.lig.ipTM  vs.iPDE  vs. cofold TM  vs. GF+IP
SEQ_SCORE_UNIF —0.851 —0.408 +0.455 —0.471 —0.350
STRUC_SCORE_UNIF —0.660 —0.474 +0.606 —0.577 —0.488
LIG_ATOM_SCORE_UNIF +0.198 +0.052 —0.053 +0.091 +0.020
LIG_STRUC_SCORE_UNIF —0.082 —0.135 +0.120 —0.104 —0.102
JOINT_PROTEIN_SCORE_UNIF  —0.810 —0.503 +0.602 —0.589 —0.481
JOINT_LIGAND_SCORE_UNIF —0.013 —0.082 +0.064 —0.024 —0.042
JOINT_ALL_SCORE_UNIF —0.564 —0.400 +0.466 —0.421 —0.374
JOINT_TRUE_4_SCORE_UNIF —0.790 —0.496 +0.565 —0.585 —0.464

Table S16. Protein Ligand Forward Folding best-of-N =30 per-picker breakdown (n=123 PoseBusters targets after L < 512 filtering).
random_pick = single uniform draw per target (no selector). PLL pickers select the candidate with minimum value of the indicated
pseudo-NLL (joint_protein = seq + struc with ligand held clean). Oracles are upper bounds chosen by the GT-task quality metric
(TM, GF+1IP, or pocket-RMSD). The joint_protein, oracle TM, and oracle GF+IP rows match the corresponding rows in
Table 4. Bold = best PLL picker per column; underline = overall best (oracle). p = paired Wilcoxon vs. random_pick on the per-target
TM-score (the headline continuous metric the main-body NLL-transfer paragraph quotes).

Selector Tokens TM-Score RMSD (A) GF+IP (%) p (Wilc. TM)
random_pick 4375 0.654 13.32 24.4 —
seq_pll 4375 0.699 10.55 24.4 1.2x1073
struc_pll 4375 0.742 13.06 24.4 <1074
lig_atom_pll 4375 0.675 11.90 22.8 0.073
lig_struc_pll 4375 0.640 16.07 21.1 0.184
joint_protein_pll 4375 0.755 10.00 28.5 <1074
joint_ligand_pll 4375 0.651 16.07 18.7 0.383
joint_all_pll 4375 0.703 13.26 22.0 7.1x1073
joint_true_4_pll 4375 0.743 11.24 26.0 <10~4
oracleTM 4375 0.793 7.59 30.1 <1074
oracle GF+IP 4375 0.696 11.22 56.9 2.1x1073
oraclepocket RMSD 4375 0.757 8.04 32.5 <10~
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Table S17. Protein Ligand Inverse Folding best-of-/N =30 per-picker breakdown (n=125 PoseBusters targets). random_pick = single
uniform draw per target. TM-score and GF+IP are computed from a Boltz-2 cofold of the picked (predicted sequence, GT ligand
SMILES) pair against the GT crystal structure (3,750 cofolds total; same harness as the IF row in Table 2). The joint_protein and
oracle GF+IP rows match the corresponding rows in Table 2. Bold = best PLL picker per column; underline = overall best (oracle). p
= paired McNemar vs. random_pick on the binary GF+IP pass-rate.

Selector Tokens AAR (%) AARP (%) TM-Score GF+IP (%) p (McN. GF+IP)
random_pick 4375 65.88 73.93 0.594 37.6 —
seq_pll 4375 66.01 73.33 0.590 37.6 1.00
struc_pll 4375 67.36 75.98 0.596 40.0 0.678
lig_atom_pll 4375 67.08 73.77 0.588 39.2 0.815
lig_struc_pll 4375 67.02 75.69 0.583 35.2 0.607
joint_protein_pll 4375 67.47 75.37 0.595 41.6 0.359
joint_ligand_pll 4375 66.98 75.67 0.584 36.0 0.774
joint_all_pll 4375 67.29 75.54 0.590 37.6 1.00
joint_true_4_pll 4375 66.48 72.52 0.586 37.6 1.00
oracle AAR 4375 69.47 76.64 0.594 38.4 1.00
oracle AARP 4375 67.67 82.85 0.588 39.2 1.00
oracle ipTM 4375 67.12 74.43 0.604 40.8 0.503
oracleTM 4375 67.54 76.12 0.709 60.0 5.0x10%
oracle GF+IP 4375 66.60 75.18 0.640 70.4 <107

Table S18. Ligand-conditioned generation, best-of-N=30 on the full PoseBusters benchmark (125 targets). Each candidate is folded with
Boltz-2 against the GT ligand SMILES; both_pass is ipTM > 0.9 AND ipde < 1.0. Mean cofold ligand iptm is the average over the 125
picked candidates. The joint_true_4 selector is the additive 4-modality pseudo-NLL with the true masked-only AO-ARM mask;
oracle_ipTM picks the candidate with maximum cofold ligand iptm per target (upper bound for any post-hoc selector). All p-values
are paired McNemar against random_pick.

Selector Tokens both_pass (%) ipTM>0.9 (%) meanipTM p (McN. pass)
random_pick 4375 6.4 8.0 0.599 —
joint_protein 4375 12.8 16.0 0.612 0.077
joint_ligand 4375 13.6 19.2 0.622 0.035
joint_all 4375 14.4 20.0 0.613 0.021
joint_true_4 4375 15.2 16.0 0.577 0.019
oracle_ipTM 4375 32.8 60.0 0.902 <1074
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Figure S3. LeFlur forward folding correlates with ESMFold. Per-target scatter plot of LeFlur-p’s forward-folded TM-score (against
ground truth) versus ESMFold’s TM-score on the same target. Each point is one CAMEO 2022 target. The positive correlation supports
using LeFlur-p as its own forward-fold verifier in Self-Reflection.
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Per-length designability — accepted designs (n=100/length)
Fisher's exact test, two-sided. *** p<0.001, ** p<0.01, * p<0.05, ns p=0.05. A = SR — no-SR (designable count). Annotations above each SR bar test that SR vs no-SR.

LEFLUR-P-VAL
no-SR 379/500 (75.8%)
SR T=0.833 409/500 (81.8%) A+30 * p=0.025
SR T=0.9 437/500 (87.4%) A+58 *** p=2.8e-06

LEFLUR-P
no-SR 424/500 (84.8%)
SR T=0.833 426/500 (85.2%) A+2 ns p=0.93
SR T=0.9 435/500 (87.0%) A+11 ns p=0.36
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Figure S4. Self-Reflection improves designability at longer lengths where the model struggles. Per-length unconditional designability
(ESMFold pass rate) for LeFlur-p, LeFlur-p-val, and the Self-Reflection variants sr8/sr 9. Self-Reflection contributes most of its lift at
L>400, where LeFlur-p-val’s single-pass pass rate degrades; below L=300 the lift is negligible.
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G. Datasets

To train LatentGenerator and LeFlur across proteins, ligands, and joint modalities, we curated a multi-scale dataset combining
experimental structures with high-quality synthetic data. For the protein only models we used crystal and predicted protein
structures. For the protein-ligand models we used both these and ligand, and protein-ligand dataset.

Protein Structures. For the protein-only modality, we utilized the curated Protein Data Bank (PDB) (Berman et al., 2000)
snapshot provided by OpenProteinSet (Ahdritz et al., 2023). This dataset provides a standardized, high-quality split of
experimental protein structures filtered for resolution and chain length.

Synthetic Protein Structures. For protein monomer synthetic data we utilize the AlphaFold (Jumper et al., 2021) predicted
structures of SwissProt (Varadi et al., 2021). This dataset provides higher diversity than the PDB and should allow the model
to better generalize. To maintain high quality prediction we filter for structures with pLDDT > 85.

Protein only Distillation Set. Modern models train on a far larger corpus of data than we have in LeFlur, for instance
Proteina (Geffner et al., 2025) is trained on 21M AFDB samples while La Proteins is trained on ~46M AFDB samples (Didi
et al., 2025). Rather than spending the compute on training our models on this corpus we decide to derive the relevant
learning signals from pretrained models through distilling sequence-structure pairs (along with inverse folding augmentation).
For each length L € {100, 200, 300, 400, 500} we combine samples from four generators: La-Proteina (Didi et al., 2025)
and DPLM-2 (Wang et al., 2024), which directly co-design structure and sequence; and Proteina (Geffner et al., 2025)
and Genie2 (Lin et al., 2024) which only generate structure. Each backbone is paired with designed sequences from
both LigandMPNN (Dauparas et al., 2022; 2025) and Caliby (Shuai et al., 2025b). Every design is then subjected to
ESMPFold (Lin et al., 2023) self-consistency filtering: we retain only designs whose ESMFold-refolded structure satisfies
CaRMSD < 2 A and pLDDT > 70 against the generated backbone. The final distillation corpus contains 26,390 cluster
representatives drawn from 772,439 passing designs, providing a high-diversity, length-balanced supplement to the natural
structure data used for training.

Protein only Redesigns set. To broaden coverage of structural diversity beyond what PDB-derived training data offer, we
add two re-designed domain datasets. Backbones are taken from (i) The Encyclopedia of Domains (TED) (Lau et al., 2024),
restricted to the novel folds (7427 domains with topologies absent from CATH) and high-symmetry folds (6433 domains)
subsets released for AFDB, and (ii) the CATH non-redundant S40 release (Sillitoe et al., 2021) (34 653 experimental
domains clustered at 40 % sequence identity). For every backbone we generate sequences from LigandMPNN (Dauparas
et al., 2025) and from Caliby (Shuai et al., 2025a), fold each with ESMFold (Lin et al., 2023), and keep candidates with
C., RMSD < 2A to the input backbone, mean pLDDT > 70, and no single amino acid exceeding 20 % of the sequence.
Each retained backbone contributes all of its sequences which are sampled uniformly during training if that backbone
is chosen as a training example. Backbones are then clustered with Foldseek (van Kempen et al., 2024). This yields
6025 backbones in 4386 SS-balanced clusters for TED and 27 136 backbones in 4735 SS-balanced clusters for CATH S40
(78.3%). Cluster-level minority up-sampling makes both datasets contribute equally per epoch (20 % of effective training
mass each).

Ligand Structures. Ligand geometries were sourced from the GEOM dataset (Axelrod & Gomez-Bombarelli, 2022),
a large-scale collection of conformal geometries derived from QM-level calculations. We utilized the subset of drug-like
molecules, which provides over 300,000 unique molecular graphs associated with millions of valid 3D conformers. This
allows the model to learn valid local chemical geometry (bond lengths, angles, torsions) independent of protein context.

Experimental Protein-Ligand Structures. For joint training on experimental data, we utilized the PDBbind database (Liu
et al., 2015) and PLINDER (Durairaj et al., 2024). PDBbind serves as the standard collection of experimentally measured
binding data mapped to 3D structures in the Protein Data Bank. We employed the refined set, which filters for high-resolution
crystal structures and valid binding data, providing a high-fidelity “gold standard” for intermolecular interactions. Plinder is
a large-scale curated dataset of ~60,000 protein-ligand complexes sourced from the Protein Data Bank. PLINDER provides
standardized protein-ligand pairs with quality filtering, ligand SMILES clustering, and train/test splits designed to minimize
data leakage. We used the training split with SMILES-based clustering (22,237 clusters) to ensure diverse ligand coverage
during balanced sampling.
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Table S19. Training data partition for LeFlur-P. Sampling is done with a minority-upsampling strategy so each dataset contributes equally

per epoch (balance_datasets: true). Structures truncated to < 512 residues.
Dataset Structures  Clusters Rep. factor Balanced clusters
PDB (< 40% seq. id.) 280,586 50,124 1.69x 84,816
AFDB SwissProt 220,354 84,816 1.00x 84,816
Distillation 772,439 26,406 3.21x 84,816
TED 6025 4386 19.34 % 84,816
CATH S40 27,136 4735 17.91x 84,816
Total 1,306,540 170,467 424,080

Synthetic Protein-Ligand Structures. To address the scarcity of experimental complex data, we augmented our training
set with the Structurally Augmented IC50 Repository (SAIR) (Lemos et al., 2025). SAIR is a massive synthetic dataset
comprising over 5 million protein-ligand structures derived from ChEMBL and BindingDB activity data. These complexes
were computationally folded using the Boltz-1x model, providing a orders-of-magnitude expansion in chemical and structural
diversity compared to PDBbind alone. We utilized high-confidence subsets of SAIR to scale the joint probability distribution
learned by LeFlur.

Protein-Ligand Distillation Set. To transfer knowledge from specialized ligand-conditioned generative models, we
constructed a distillation dataset using Proteina-Complexa (Jendrusch et al., 2025). We selected 240 unique drug-like
ligands from the PLINDER database (Durairaj et al., 2024) and generated 100-residue protein binder designs for each
using Proteina-Complexa’s ligand-conditioned partially latent diffusion model. Protein sequences were obtained via two
routes: direct generation by Proteina-Complexa and LigandMPNN (Dauparas et al., 2025) redesign of generated backbones.
Each design was validated via RF3 co-folding (Corley et al., 2025), retaining 1,663 complexes that passed quality filters on
interface predicted aligned error iIPAE < 3.1), backbone self-consistency RMSD, and pLDDT.

Protein-Ligand Redesign Set. To increase sequence diversity for known protein-ligand complexes, we created a redesign
dataset using LigandMPNN (Dauparas et al., 2025). Starting from 1,315 experimentally determined protein-ligand complexes
sourced from PLINDER (Durairaj et al., 2024), we applied LigandMPNN to redesign the protein sequence conditioned on
the crystal structure and bound ligand and used the same filtering criteria as the distillation set.

Table S20. Training data composition for LeFlur-pl model. Balanced sampling with (max cluster replicates 5) upsampled minority datasets
to match the largest cluster count

Dataset Type Samples Clusters Cluster Method Balanced % Epoch
PDB Protein 278,768 49,441 SeqID 40 1.7 % 22.1
AFDB SwissProt  Protein 198,295 84,573 SwissProt 1.0x 22.1
PDBBind Protein-Ligand 21,835 17,267 SMILES 4.9x 22.1
SAIR Protein-Ligand 279,963 2,039 SeqID 40 5.0x 2.7
PLINDER Protein-Ligand 60,276 22,237 SMILES 3.8x 22.1
Distillation Protein-Ligand 1,663 240 SMILES 5.0x 0.3
Redesign Protein-Ligand 1,315 1,246 SMILES 5.0x 1.6
Total 847,574 383,212 100.0

H. Benchmark Separation From Training Data

Protein-only benchmarks (Campbell et al., CAMEQO 2022). Our PDB training data is the OpenProteinSet dated
December 2021. Both protein-only evaluation sets lie strictly after this cutoff: CAMEO 2022 evaluates on the CAMEO
targets from August through October 2022, and the Campbell et al. ICML 2024 split is drawn from PDB entries deposited
after their 2023 cutoff.
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Protein-ligand benchmark (PoseBusters). The PoseBusters (Buttenschoen et al., 2024) set is the only protein-ligand
benchmark we evaluate against. The two real-PDB training sources that could overlap PoseBusters are PDBbind and the
experimental subset of PLINDER. Posebusters by constructions does not include complexes within PDBbind General Set
v2020. We filter the PLINDER training set to remove any PDBs found in PoseBusters.

1. Additional Unconditional Generation Results

In this section, we provide extended benchmarks for the unconditional generation capabilities of LeFlur-p. We find that the
model maintains reasonable diversity from all of its training data sources, including the PDB, AFDB, and the distillation
dataset. As reported in Table S21, LeFlur-p is comparable in novelty to La Proteina against the natural reference sets
(LeFlur-p 0.788 vs. La Proteina 0.775 against the PDB; 0.732 vs. 0.742 against AFDB) and substantially more novel than
DPLM-2 (0.932 / 0.948). The most-novel model in the table is Genie2+ProteinMPNN (0.689 / 0.661). LeFlur-p offers a
competitive novelty/designability trade-off (84.8% pass rate vs. Genie2+ProteinMPNN at 52.0%, Table 5).

Table S21. Unconditional Structural Novelty Analysis. Reported values are the mean of the maximum TM-score of each generated
structure against the indicated reference set (computed by Foldseek). Lower is more novel; higher means the model produces structures
with closer matches in the reference. The reference sets are the natural PDB and AFDB Swiss-Prot training sources and the protein-only
distillation set; we evaluate against the natural sources rather than the ESMFold-distilled synthetic set so as to avoid using ESMFold-filtered
samples as the novelty reference.

Model vs PDB vs AFDB vs Distillation
Genie2 + ProteinMPNN 0.689 0.661

Proteina + ProteinMPNN 0.788 0.763

La Proteina 650M 0.775 0.742

DPLM-2 650M 0.932 0.948

LeFlur-p 470M SLQ 0.788 0.732 0.691
LeFlur-p-val 470M SLQ 0.771 0.732 0.714

J. Sample Predictions
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7q6d.A L=383
TM=0.86 Kabsch RMSD=3.24 A

7fgp.A L=377
TM=0.83 Kabsch RMSD=4.85 A

8dt6.C L=381
TM=0.84 Kabsch RMSD=4.42 A

7x0g.A L=362
TM=0.94 Kabsch RMSD=1.87 A

8b26.A L=359
TM=0.92 Kabsch RMSD=3.48 A

7oj2.A L=353
TM=0.94 Kabsch RMSD=2.20 A
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8dt0.A L=140 ATM = +0.46 (single-shot 0.37 - NLL 0.83)

single-shot TM=0.37 R=14.2 A NLL-picked TM=0.83 R=2.1A

7pcl.A L=70 ATM = +0.24
single-shot TM=0.51 R=10.0 A

Ei: A

(single-shot 0.51 —» NLL 0.75)
NLL-picked TM=0.75 R=3.5A

7t12.B L=210 ATM = +0.22 (single-shot 0.62 —» NLL 0.84)

single-shot TM=0.62 R=9.7 A NLL-picked TM=0.84 R=2.8 A

—— ground truth

7ymo.A L=206 ATM = +0.39
single-shot TM=0.38 R=13.8 A

(single-shot 0.38 -» NLL 0.76)
NLL-picked TM=0.76 R=3.7A
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7wf6.A L=145 ATM = +0.22 (single-shot 0.60 —» NLL 0.81)

single-shot TM=0.60 R=7.5 A NLL-picked TM=0.81 R=2.7 A

7s500.A L=89 ATM = +0.20 (single-shot 0.64 —» NLL 0.84)

single-shot TM=0.64 R=7.4 A NLL-picked TM=0.84 R=3.5A

—— prediction

Figure S6. Sample Leflur-p forward folding predictions with NLL improvements.
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7VC5_9SF L=485 TM=0.95 7XEK_9YX L=413 TM=0.95
pkt RMSD=0.99 A lig A=8.2 A pkt RMSD=0.99 & lig A=7.5 A

7P5T 5YG L=396 TM=0.92 8BTI_RFO L=350 TM=0.94
pkt RMSD=0.11 A lig A=7.7 A pkt RMSD=0.70 & lig A=6.8 A

7ROU 661 L=335 TM=0.92 6ZAE_ACV L=328 TM=0.92
pkt RMSD=1.65 A lig A=3.7 A pkt RMSD=0.94 A lig A=5.2 A
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K. Sampling Hyperparameters

The generative performance of LeFlur-p is closely tied to the configuration of its iterative decoding process. Unlike standard
autoregressive models, our framework utilizes an iterative refinement scheme where sequence and structure tokens are jointly
updated over N steps. This process is governed by four primary categories of hyperparameters: sampling temperatures
(Tseq» Tsruer)> Which control the sharpness of the categorical distributions; stochasticity factors, which define the percentage
of tokens randomly re-sampled at each step to prevent local minima; and transition schedules (Linear, Log, Power), which
dictate the rate at which noise is annealed throughout the generation process. For the logit bias we add +1.0 to the valine
logit along the entire protein length before adding temperature for the first 25 steps of generation.

Table S22. Sampling Hyperparameters Across Protein only Models and Tasks. Comparison of generation parameters for Unconditional
Generation, Inverse Folding, and Forward Folding.

Mode Model N Tseq Tstruct Stochgeq Stochggyet Schedseq Schedguet
UG LeFlur-p 400 0.273 0.316 10 10 Log Power
uG LeFlur-p-v 400 0.273 0.316 20 60 Log Power
IF LeFlur-p 100 0.150 0.418 10 50 Log Linear
FF LeFlur-p 200 0.361 0.220 1 20 Log Linear

For LeFlur-pl in addition to the protein sequence and structure sampling hyperparameters we also have ligand atom and
structure sampling hyperparameters. Note that during inverse folding and forward folding we give the model the atom types
and ligand structure tokens and keep them fixed. During ligand conditioned generation we do not provide the structure
tokens, but give the atom types and bond matrix.

Table S23. Sampling Hyperparameters Across Protein-Ligand Models and Tasks. Comparison of generation parameters for Ligand
Conditioned Generation, Inverse Folding, and Forward Folding.

Mode Model N Tseq Tstruct Stochgeq Stochgyet Schedgeq Schedgyuct
CG LeFlur-pl 200 0.5 0.5 20 20 Linear Power
IF LeFlur-pl 100 0.5 0.5 20 20 Log Linear
FF LeFlur-pl 100 0.5 0.5 20 20 Log Linear

Table S24. Ligand Specific Sampling Hyperparameters Across Protein-Ligand Models and Tasks. Comparison of generation
parameters for Ligand Conditional Generation, Inverse Folding, and Forward Folding.

Mode Model Tatom Tetruc Stochyaiom Stochgrue Schediom Schedgiue
CG LeFlur-pl 0.1 0.1 5 5 Power Linear
IF LeFlur-pl 0.5 0.5 20 20 Log Linear
FF LeFlur-pl 0.5 0.5 20 20 Log Linear
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L. Architecture Diagrams
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Figure S8. Information flow in protein-only LatentGenerator. Backbone coordinates are embedded with pairwise distance features,
processed through a ViT encoder, quantized via SLQ or FSQ, and reconstructed through a ViT decoder.
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Figure S9. Information flow in protein-ligand LatentGenerator. Protein backbone and ligand atoms are embedded separately, concatenated
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Figure S10. Comparison of SLQ and FSQ quantization mechanisms. SLQ uses learned projections with Gumbel-Softmax for differentiable
soft quantization, while FSQ applies fixed scalar quantization per dimension to create an implicit codebook.
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Figure S11. LeFlur training pipeline. Structure coordinates are tokenized by frozen LatentGenerator. Sequence and structure tokens are
independently masked at sampled timesteps, embedded, combined, and processed by trainable NeoBERT. Separate heads predict logits
for cross-entropy loss against ground truth.
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Figure S12. LeFlur generation pipeline. Starting from fully masked priors, the model iteratively unmasks tokens using predicted logits with
temperature-controlled stochastic sampling. After IV steps, structure tokens are decoded to 3D coordinates via frozen LatentGenerator
decoder.
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Figure S13. LeFlur generation modes including LatentGenerator components (dashed boxes). Inverse Folding uses the Encoder to
tokenize the target structure. Forward Folding and Unconditional modes use the Decoder to reconstruct 3D coordinates from generated
tokens.
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Figure S14. LeFlur Protein-Ligand architecture. Protein features (left) and ligand features (right) are embedded, summed with positional
encodings, concatenated, and processed by a shared NeoBERT encoder. Five specialized heads predict the denoised modalities.
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M. Compute Resources

All training was performed on a single GPU node (8 NVIDIA GPUs) using PyTorch Lightning with bfloat16 mixed-precision
and a gradient-clipping value of 0.5. Table S25 summarises the headline training-budget settings used for each model;
per-task inference-time cost is discussed separately in Section F.

Table S25. Training compute settings. “Effective batch” is computed as (per-GPU batch size) X (accumulate_grad_batches) X
(8 GPUs). All runs used a single node, bf16-mixed precision, and gradient clipping at 0.5.

Model Steps Warmup Per-GPU batch  Effective batch
LatentGenerator 100,000 10,000 40 —
LeFlur-p 50,000 2,500 48 7,680
LeFlur-pl 100,000 5,000 8 2,560

Inference compute. Single-pass design with LeFlur runs on a single GPU. The default sampling configurations in
Tables S22, S23, and S24 use 100-400 NeoBERT forward passes per design. PLL best-of- N ranking and Self-Reflection
multiply this cost as analysed in the “Inference-time cost” paragraph of Section F; both stay within LeFlur and avoid any
external folding oracle.

N. Broader Impact

LeFlur is a generative model for joint sequence-structure design of proteins and protein-ligand complexes. We discuss the
principal positive and negative societal impacts below, in keeping with the NeurIPS guidelines.

Potential positive impacts. By unifying inverse folding, forward folding, and unconditional/ligand-conditioned generation
under a single set of weights, LeFlur lowers the engineering and compute barriers to running protein-design pipelines that
previously required orchestrating multiple specialised models (Watson et al., 2023; Pacesa et al., 2025; Stark et al., 2025). Its
built-in pseudo-likelihood and Self-Reflection verifiers further reduce reliance on heavy external structure-prediction oracles.
These properties may help accelerate research in protein engineering, enzyme design, antibody and small-molecule binder
discovery, biosensor development, and basic structural biology, particularly in academic and resource-constrained settings.

Potential negative impacts. Like other generative biomolecular design tools (e.g.RFdiffusion (Watson et al., 2023),
BindCraft (Pacesa et al., 2025), BoltzDesign (Cho et al., 2025), and Proteina-Complexa (Didi et al., 2026)), LeFlur could in
principle be misused to design biomolecules with harmful function. We mitigate this risk in several ways. The model is not
trained on, conditioned on, or evaluated against any pathogen-specific or toxin-specific datasets; its training corpus consists
of public protein-monomer and small-molecule complex data (PDB/OpenProteinSet, AFDB SwissProt, GEOM, PDBbind,
PLINDER, SAIR; see Section G) with no enrichment for hazardous targets.

Use of public data and compute. All training data are drawn from publicly distributed structure databases and predicted-
structure resources, used under their respective licenses. Compute requirements (Section M) are modest by foundation-model
standards (single 8-GPU node), which we view as a positive: it broadens who can reproduce, audit, and extend the work,
rather than concentrating capability in a small number of well-resourced groups.

42



