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ABSTRACT

The design of protein sequences based on given structures, known as inverse
folding, has important applications in protein engineering. Protein structures are
inherently hierarchical, composed of local structures (e.g., α-helices and β-sheets)
connected by loops and coils. However, most existing methods treat inverse folding
as a direct 3D structure to 1D sequence task, ignoring this crucial hierarchical
information embedded in local structures. In this work, we propose Hier-IF, a
controllable inverse folding model that explicitly incorporates structural hierarchy.
Hier-IF reformulates the task as a “Tertiary Structure (TS) to Local Structure (LS)
to Sequence (Seq)” process by first generating the sequence tokens corresponding
to local structures and then building the connecting loops and coils. We introduce
classifier-free guidance for controllable hierarchical generation and employ a
bidirectional structure-sequence reconstruction loss during the training process.
In the sampling process, we design a remask strategy that enables controllable
generation following the structural hierarchy. When evaluating Hier-IF across
multiple datasets, it surpasses other baselines and achieves high structural fidelity
in local structures. Visualizations on generation results and ablation studies in
different experimental settings further validate the effectiveness of our approach
and provide interpretability in protein hierarchical inverse folding.

1 INTRODUCTION

Protein sequences, as linear chains of amino acids, play a pivotal role in determining the structures
and functions of cells and organisms. The design of protein sequences which can fold into specific
structures is one of the core challenges in bio-engineering. Given a protein backbone structure,
finding the corresponding sequence is called inverse folding. This task has substantial biological and
practical significance (e.g., rational protein design (Street & Mayo, 1999), enzyme engineering (Fersht
et al., 1992) and antibody design (Dreyer et al., 2023)). In nature, diverse sequences can fold into
structurally similar conformations, revealing the redundancy and plasticity in the sequence–structure
mapping. Understanding this inverse relationship is crucial for protein engineering, facilitating to
design new proteins with desired functions, such as binding specificity, enzymatic activity, or stability
under industrial conditions. Furthermore, inverse folding can assist in validating whether a predicted
or synthetic structure is biophysically plausible by checking if any natural-like sequence can adopt it.

Deep learning models have made a significant progress in this area(Dauparas et al., 2022; Hsu et al.,
2022; Gao et al., 2022a). These approaches formulate inverse folding as a structure-to-sequence
(“str2seq”) task. By learning from tons of corresponding pairs of protein structures and sequences,
such models can capture the underlying relationship and generate sequences conditioned on a given
protein structure. However, such “str2seq” methods oversimplify the real chemical and biological
processes. The intermediate process of this transformation has been ignored. Proteins exhibit a
hierarchical structural organization that is crucial for their biological functions. Proteins include some
local structures, such as alpha-helices, beta-sheets and loops (or coils)(Kuhlman & Bradley, 2019;
Martı́-Renom et al., 2000). These secondary elements further assemble into a unique tertiary structure,
representing the overall 3D conformation of a single polypeptide chain. The tertiary structure often
involves intricate spatial arrangements of alpha-helices and beta-sheets connected by flexible loops,
resulting in a stable fold capable of performing specific functions, such as molecular recognition or
catalysis. In structural biology (Crick, 1958; Koga et al., 2012), when synthesizing a protein, local
structures such as alpha-helix or beta-sheet in the structure are usually synthesized first, followed by

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

the assembly of loops to complete structure. Therefore, effectively modeling these local structures is
crucial, yet this aspect is underexplored in current deep learning approaches.

Approaches to inverse folding can be broadly divide into two strategies. One class of methods
performs “str2seq” transformation using a structure encoder and a sequence decoder. While protein
sequences inherently carry a lot of evolutionary and homologous information (Whisstock & Lesk,
2003; Jumper et al., 2021), these methods may not learn and utilize such signals , because they
usually use a GNN-based model to capture the structure information and lack the learning of sequence
information. The other approach is to adopt protein language model trained on large-scale protein
sequence datasets. These methods consider the given structure as a condition to generate desired
sequence. However, in such frameworks, the structural information and the sequence information are
not treated symmetrically, and the fine-grained structural information is not be fully utilized. The
relationship between the structure and the corresponding sequence is often modeled implicitly.

To address the aforementioned challenges, we propose Hier-IF, a biologically grounded pipeline
for inverse folding that formulates the generation as a Tertiary Structure (TS) to Local Structure
(LS) to Sequence (Seq) process. In contrast to existing paradigms that encode backbone geometry
as a single monolithic constraint, Hier-IF explicitly models the hierarchical dependencies between
global topology and local structure. We first encode protein structures into discrete tokens and
employ a unified masked discrete diffusion framework to model the joint probability of structure and
sequence. To enforce hierarchical consistency, we utilize CATH (Orengo et al., 1997) classifications
as supervisory signals and introduce a time-aware masking schedule that prioritizes the generation
of stable secondary elements (helices/strands) before flexible regions (loops). Furthermore, to
ensure the synthesized sequences fold back into the desired structures, we introduce a bidirectional
structure–sequence reconstruction loss, coupling a forward-folding objective with the inverse-folding
likelihood. This streamlined design allows Hier-IF to achieve competitive performance with complex
refinement-based systems while offering superior interpretability and control over the generation
process.

We summarize our key contributions as follows.

• We propose an innovation Tertiary Structure (TS) to Local Structure (LS) to Sequence (Seq)
protein inverse folding pipeline, which explicitly models hierarchical protein information.

• We introduce a bidirectional structure–sequence reconstruction loss to jointly model se-
quence–structure consistency and propose a time-aware mask to control the generation
order. Furthermore, we design a controllable hierarchical sampling strategy that combines
classifier-free guidance and a structure-aware remask mechanism to ensure generation
follows the structural hierarchy.

• Hier-IF surpasses other baselines by evaluating it on various inverse folding settings. The
visualization and ablation study validate the effectiveness of our approach and provide
interpretability in protein hierarchical inverse folding.

2 RELATED WORK

2.1 PROTEIN LANGUAGE MODEL

With the advancement of large-scale protein sequence datasets, numerous protein language mod-
els—drawing inspiration from natural language processing (NLP)—have demonstrated remarkable
potential. Models such as ProtTrans (Elnaggar et al., 2021) and TAPE (Rao et al., 2019) capture
the information embedded in protein sequences by framing protein-related tasks as classic language
modeling problems, such as masked language modeling and text-to-text generation. In parallel, the
evolutionary information contained within protein sequences provides powerful inductive biases
that facilitate the learning of biologically meaningful representations. For example, models like
MSA-Transformer (Rao et al., 2021) leverage multiple sequence alignments (MSAs), leading to more
effective learning. The ESM-series models (Rives et al., 2021; Lin et al., 2023; Hayes et al., 2025)
utilize large-scale language modeling over hundreds of millions of protein sequences, implicitly
capturing the evolutionary information and enabling the extraction of robust sequence embeddings
that strongly correlate with protein structures and functions. Furthermore, with the development of
generative models, methods such as ProGen (Madani et al., 2023) and ProtGPT2 (Ferruz et al., 2022)
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have demonstrated the capability to not only learn robust representations but also generate desired
protein sequences, making them applicable to a wide range of downstream tasks.

2.2 INVERSE FOLDING

Based on given protein structure, i.e., backbone, designing the sequence is called inverse folding.
Using a structural encoder and a sequence decoder is a straightforward yet effective strategy for
structure-based protein design. This framework allows models to extract structural context and
generate compatible amino acid sequences. ProteinMPNN (Dauparas et al., 2022) employs a message-
passing neural network directly on residue coordinates to capture local geometric features, followed
by an autoregressive decoder. In contrast, PiFold (Gao et al., 2022a) constructs a residue-level
graph and uses a graph neural network to model both spatial and topological relationships, with a
transformer-based decoder that better captures long-range dependencies. These differences reflect
distinct design choices in how structural information is encoded and utilized for sequence generation.
On the other hand, LM-Design (Zheng et al., 2023) and the DPLM series (Wang et al., 2024a;b)
have effectively leveraged pretrained language models by introducing lightweight adapters. These
methods insert small trainable modules into frozen pretrained models, enabling efficient fine-tuning
while preserving the general knowledge encoded in the pretrained weights. This design allows for
task-specific adaptation with minimal overhead, showing strong performance in structure-conditioned
sequence design. Such approaches offer a promising and scalable paradigm for future research.
KW-design proposes a refining method that considers multimodel knowledge as well as predictive
confidence. Bridge-IF (Zhu et al., 2024) introduce Schrödinger bridge to handle the challenges in
structure-sequence mapping. UniIF (Gao et al., 2024) proposes an unified molecule inverse folding.
By effective representation of all types of molecules, it can achieve great performance in small
molecules, proteins and RNAs. Furthermore, ProteinInvBench (Gao et al., 2023b) and ProteinBench
(Ye et al., 2024) provide comprehensive benchmarks for inverse folding and related metrics. They
systematically organize a range of evaluation tasks and define detailed metrics to assess model
performance across different settings. These benchmarks offer a standardized framework for fair
comparison and have become valuable resources for evaluating progress in structure-conditioned
sequence generation.

3 METHODS

3.1 FRAMEWORK

We propose a “TS-LS-Seq” inverse folding framework, as illustrated in Figure 1. In Figure 1(a), we
tokenize the protein backbone using a structure-aware encoder, effectively encoding the backbone as
a “structure language”. Specifically, we adopt the pretrained ESM-3 model as the model encoder. In
Figure 1(b), we introduce a masked language model to learn the mapping from the tertiary structures
to local substructures and then to the full sequence. For training, we design a bidirectional loss
function, distinguishing our method from previous inverse folding approaches. To determine the
generation order, we design a DSSP-based masking strategy, where the mask is directly generated by
the model. Rather than optimizing solely on sequence reconstruction, we further perform forward
folding on the generated sequence to recover its 3D structure, and jointly optimize both sequence and
structure reconstruction losses. Additionally, we incorporate CATH classification labels to provide
hierarchical structural guidance during generation, enabling the model to better capture domain-level
structural organization. As shown in Figure 1(c), We utilize a trained mask generator to remask the
generated sequence, guiding the model to generate local structural motifs (e.g., helices and strands)
first. Through iterative generation and remasking, the complete sequence is progressively constructed.
This mechanism ensures that connecting regions, such as loops and coils, are generated subsequently,
once the local structures have been established.

3.2 TOKENIZATION FOR PROTEIN STRUCTURE

The first step of our model is to capture the information of proteins. Inspired by recent advances
in structural vocabularies for protein representation learning (van Kempen et al., 2022; Su et al.,
2023; Wang et al., 2024b), we use discrete token to represent protein tertiary structures. Tokenizing
continuous data modalities into discrete representations (Van Den Oord et al., 2017) has attracted

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

Masked Diffusion Model

Forward Folding

Structure Tokens

Amino Acid tokens

DSSP-mask

Time 
EmbeddingDSSP

Mask 
Generator

Bidirectional Reconstruction Loss

MITEEIIDE**********EELHHHHHH

Encoder

CodeBook

Masked Diffusion Model

Iteration

MITEEIIDE**********EELHHHHHH

Mask 
Generator

Time 
EmbeddingDSSP

(A) (B) (C)

Structure Tokens

Figure 1: The Framework of Hier-IF

considerable attention across various fields. On the one hand, this approach can efficiently model the
structural information and sequential order. On the other hand, it can be easily applied to powerful
sequence-based models (e.g. transformer-based models).

In Hier-IF, we employ the ESM3 (Hayes et al., 2025) encoder as our tokenizer. Trained on vast
amounts of data, ESM3 effectively captures rich protein information. Unlike previous ESM versions,
ESM3 supports protein co-design and allows the sequence input to be set as None to directly obtain
structural representations. Therefore, we consider ESM3 a powerful and versatile tool. By inputting
the backbone, we can extract the corresponding structure tokens. These tokens are obtained from the
pretrained ESM3 model, providing high-quality representations that encapsulate extensive protein
information. This approach enables us to convert protein structures in datasets into meaningful tokens,
which can then serve as inputs for subsequent training stages.

3.3 CONDITIONAL MASKED DIFFUSION LANGUAGE MODEL WITH MASK GENERATOR

Conditional Masked Diffusion Language Mode. The discrete diffusion models can be generally
defined by a sequential process of progressive noisy discrete variables zt ∈ V from the categorical
variable z0 ∈ V . Masked diffusion (Austin et al., 2021; Lou et al., 2023; Shi et al., 2024) represents
a special case in which the transition includes an “absorbing state”, denoted as [MASK]. In this
formulation, the stationary distribution assigns all probability mass to the unique special token
[MASK], such that P (z = [MASK]) = 1 and P (z ̸= [MASK]) = 0. Following Lu et al. (2024), we
define pM ∈ {0, 1}|V| (V = V ∪ {[MASK]}) as the one-hot vector representing [MASK]. In masked
diffusion, the stochastic forward process maps z0 to [MASK] and remains in this state thereafter (i.e.,
“absorbing”). Conversely, the reverse process gradually unmasks (denoises) the [MASK] token to
produce the data sample z0, where s < t:

q(zs|zt, z0) = Cat(zs; [β(s, t) + (1− λM (zt))(1− β(s, t))]zt + λM (zt)(1− β(s, t))z0), (1)

where β(s, t) = 1−α(s)
1−α(t) and λM (zt) = ⟨pM , zt⟩. Equation 1 implies that when zt ̸= [MASK], the

backward process copies the unmasked token directly, i.e., zs ← zt, corresponding to the categorical
distribution q(zs | zt, z0) = Cat(zs; zt). Otherwise, when zt = [MASK], the posterior is given
by a convex interpolation between pM and z0. The posterior q(zs | zt, z0) can be approximated
via reparameterization as pθ(zs | zt) = q

(
zs | zt, uθ(t, zt)

)
, where the neural network uθ ∈ ∆|V|

outputs a probability vector confined to the simplex ∆|V|. While unconditional protein sequence
generation lacks structural constraints and positional alignment, inverse folding is well-defined within
discrete diffusion models due to its explicit conditioning on the input backbone. This structure-based
conditioning ensures a direct mapping between output residues and backbone positions, enabling
generation maintaining a fixed-length context.
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For inverse folding generation, we consider a conditional masked diffusion. The given backbone cor-
responding tokens can be regarded as a condition c. Our goal is to generated the protein sequences(e.g.
Amino acid type sequences) by a conditional posterior q(zs | zt, z0; c).
Time-Aware Generative Mask. To guide the diffusion model to prioritize structured regions (e.g.,
helices and strands) early in the generation process, we propose a unified structure- and time-aware
control mechanism that consists of (1) a soft mask generator that modulates the model outputs, and
(2) a dynamic loss reweighting strategy that adjusts the training focus over time.

We introduce a multi-layer perceptron (MLP) that generates a soft mask vector m ∈ [0, 1]L for each
input sequence, where L is the sequence length. The input to the MLP is a concatenation of the DSSP
one-hot encoding and a positional embedding of the current diffusion timestep t. The DSSP (Define
Secondary Structure of Proteins) algorithm is a standard method for assigning secondary structure to
amino acid residues in protein structures based on hydrogen bonding patterns and backbone geometry.
The mask is applied element-wise (position-wise) multiplicatively to the model’s predicted logits ŷ:

ŷ′ = m⊙ ŷ (2)

This modulation allows the model to focus more on structurally meaningful regions at appropriate
timesteps.

To further reinforce the desired generation order, we define a per-position weight function wi(t) that
adjusts the loss contribution based on the DSSP label and current timestep:

wi(t) =

{
1 + α

(
1− t

T

)
, if DSSPi ∈ {H,E}

1, if DSSPi = C
(3)

Here, T is the total number of diffusion steps, and α is a hyperparameter controlling the early-stage
emphasis on helices and strands. The final training loss is computed as a weighted average over
per-position prediction losses Li calculated from the masked logits ŷ′i:

Lfinal =
1∑

i wi(t)

∑
i

wi(t) · Li(ŷ
′
i). (4)

This unified mechanism imposes an explicit structural prior over the generation process, ensuring
that well-structured elements are synthesized early while coil regions are refined at later stages.

Bidirectional Structure-Sequence Reconstruction Loss. To improve consistency between se-
quences and structures in inverse folding, we propose a bidirectional reconstruction loss combining
sequence and structural components:

Lbi = λseq · CE(Ŝ, Strue) + λstruct · D
(
ffold(Ŝ), Xtrue

)
, (5)

where Ŝ is the predicted sequence, Strue the ground-truth sequence, Xtrue the native backbone structure,
ffold a pre-trained folding model mapping sequence to structure, CE the cross-entropy loss, and D a
differentiable structural distance metric. The hyperparameters λseq and λstruct balance the two terms.
We set asλseq : λstruct = 0.8 : 0.2. In our work. Besides, we employ the ESM-3 model as ffold to
predict the structure from sequences.

Fold-Class Conditional Guidance. Fold class labels in CATH datasets describe protein structures at
different levels of detail, and C-level labels include the information of local structure. so, awareness
of this label can improve the capacity of models.Followed by different label combinations during
training in Geffner et al. (2025), we train our model in the same way. Specifically, with p = 0.5
we drop all labels ({∅, ∅, ∅}CAT), with p = 0.25 we only show the C label ({Cx, ∅, ∅}CAT), with
p = 0.15 we drop only the T label ({Cx, Ax, ∅}CAT), and with p = 0.1 we give the model all labels
({Cx, Ax, Tx}CAT). Moreover, these methods enables classifier-free guidance (Ho & Salimans, 2022)
for all possible levels during inference, combining the unconditional model prediction with any of
the label-conditioned predictions .
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The overall training loss of our mask diffusion model integrates structure- and time-aware weighting
with bidirectional reconstruction loss:

Ltotal =
1∑

i wi(t)

∑
i

wi(t) · Lpred
(
mi · ŷi, yi

)
︸ ︷︷ ︸

Mask diffusion loss with time-aware mask

+λseq · CE(Ŝ, Strue) + λstruct · D
(
ffold(Ŝ), Xtrue

)︸ ︷︷ ︸
Bi-directional reconstruction loss

,

(6)

Here, mi is the soft mask generated by a neural network, t is the current diffusion timestep, T is the
total number of steps, and other notations are as previously defined. The detailed derivation of the
loss function and the specific training settings are provided in the Appendix.

3.4 SAMPLING AND REMASK WITH TRAINED MASK GENERATOR

In the sampling stage of our masked diffusion model, we introduce a remask strategy guided by a
trained mask generator. This generator produces a new binary mask at each timestep, which is then
used to selectively remask part of the current generated state. The goal is to allow the model to revise
uncertain or structurally important regions, while retaining confident predictions from previous steps.

Formally, let xt ∈ VL denote the generated sequence or structure representation at diffusion step
t, where V is the vocabulary and L is the sequence length. The trained mask generator produces a
soft mask and soft mask transforms to a binary hard mask m̂t ∈ {0, 1}L, indicating which positions
should be masked again: m̂t = MaskGenerator(t, s), where s denotes the DSSP-derived secondary
structure annotation.

This process is repeated from t = T down to t = 1, gradually refining the sample by re-evaluating a
subset of tokens at each step based on the current state and structural priors.

Algorithm 1 DSSP-Guided Remasked Sampling

Require: Total diffusion steps T , initial input xT , DSSP annotation s
Ensure: Final generated result x0

1: for t = T, T − 1, . . . , 1 do
2: xt ← Sample(xt+1, c)
3: m̂t ← MaskGenerator(t, s)
4: x′

t ← xt ⊙ (1− m̂t) + [MASK]⊙ m̂t

5: xt−1 ∼ pθ(xt−1 | x′
t, c)

6: end for
7: return x0

This strategy enables controllable and structure-aware resampling, allowing the model to focus on
refining regions of high uncertainty or structural importance at each generation step.

4 EXPERIMENTS

In this section, we evaluate Hier-IF on a variety of benchmarks for the inverse folding task. We
begin with experiments on protein sequence design using the CATH4.2 and CATH4.3 benchmarks.
Then, we demonstrate that Hier-IF can generate protein sequences in a controllable manner with high
structural fidelity. Extensive evaluations under diverse settings show that Hier-IF effectively captures
hierarchical structural information and enables controllable sequence generation. Moreover, ablation
studies and visualizations further illustrate the effectiveness and interpretability of the model.

4.1 BENCHMARKING INVERSE FOLDING

Objective & Setting We demonstrate the effectiveness of Hier-IF on the widely used CATH (Orengo
et al., 1997) dataset. To provide a comprehensive comparison, we conduct experiments on both
CATH4.2 and CATH4.3. The CATH4.2 consists of 18024 proteins for training, 608 proteins for
validation, and 1120 proteins for testing, following the same data splitting as Ingraham et al. (2019).

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2026

The CATH4.3 dataset includes 16153 structures for the training set, 1457 for the validation set,
and 1797 for the test set, following the same data splitting as Hsu et al. (2022). To evaluate the
generative quality, we report median recovery scores of the top-1 predicted sequences on short-chain,
single-chain, and all-chain settings and perplexity.

Baselines We compare Hier-IF with recent graph models, including GraphTrans (Ingraham et al.,
2019),GVP (Jing et al., 2020), AlphaDesign (Gao et al., 2022b), ESM-IF (Hsu et al., 2022),Pro-
teinMPNN (Dauparas et al., 2022),PiFold (Gao et al., 2022a). The ESM-based baselines include
LM-Design (Zheng et al., 2023) and KW-Design (Gao et al., 2023a). The diffusion-based baselines
include Grade-IF (Yi et al., 2023) and Bridge-IF (Zhu et al., 2024).To demonstrate the flexibility of
our proposed framework, we also report results for a variant of Hier-IF instantiated with FoldSeek
as the backbone (in addition to our default ESM3).To provide a fair comparison with ESM-IF, our
model train on the CATH4.3 dataset following the same data splitting as ESM-IF.

Results & Analysis From Table 1, we conclude that Hier-IF achieves state-of-the-art performance
on different settings. Specifically, we observe the following: (1)Hier-IF can achieve the best recovery
in short and single-chain settings on CATH4.2 and CATH4.3. On all chain setting, it can also achieve
comparable results with KW-design which learn lot of knowledge by tuning with several pretrained
model. (2) Hier-IF can achieve comparable performance with the KW-design with less cost and
surpass other methods. (3) Compared with other methods without ESM, ESM-based model achieve
obvious improvement in recovery and perplexity, which means that use the evolutionary information
of protein sequence is crucial in inverse folding.

Table 1: Comparison on CATH 4.2 and 4.3. † denotes ESM utilization. Best in bold, second in
underlined.

Dataset Model Recovery (↑) Perplexity (↓)

Short Single All Short Single All

C
AT

H
4.

2

GraphTrans 0.28 0.28 0.36 8.39 8.83 6.63
GVP 0.31 0.29 0.39 7.23 7.84 5.36
PiFold 0.40 0.39 0.52 6.04 6.31 4.55
AlphaDesign 0.34 0.33 0.41 7.32 7.63 6.30
ProteinMPNN 0.36 0.34 0.46 6.21 6.68 4.61
ESM-IF† 0.31 0.39 0.38 8.18 6.33 6.44
LM-Design† 0.38 0.42 0.56 6.77 6.46 4.52
KW-Design† 0.45 0.45 0.61 5.48 5.16 4.02
GraDe-IF 0.45 0.43 0.52 5.49 6.21 4.35
Bridge-IF 0.44 0.45 0.58 5.68 5.27 3.38
Hier-IF (FoldSeek) 0.43 0.44 0.56 6.01 5.83 4.44
Hier-IF† (ESM3) 0.46 0.46 0.59 5.46 5.17 4.01

C
AT

H
4.

3

GraphTrans 0.30 0.34 0.34 8.37 8.83 6.61
GVP 0.33 0.36 0.38 7.21 7.85 5.34
PiFold 0.43 0.52 0.51 6.04 6.27 4.52
AlphaDesign 0.43 0.43 0.42 7.32 7.60 6.28
ProteinMPNN 0.38 0.44 0.44 6.21 6.61 4.61
ESM-IF† 0.34 0.39 0.38 8.18 6.32 6.42
LM-Design† 0.47 0.48 0.56 5.66 5.52 4.01
KW-Design† 0.44 0.46 0.60 5.47 5.23 3.49
GraDe-IF 0.46 0.44 0.54 5.50 6.13 4.29
Bridge-IF 0.47 0.48 0.59 5.49 5.63 3.90
Hier-IF (FoldSeek) 0.47 0.48 0.54 5.69 5.54 4.09
Hier-IF† (ESM3) 0.48 0.49 0.60 5.37 5.22 3.88

4.2 HIER-IF CAN LEARN THE HIERARCHICAL INFORMATION

To further analyze the capacity of Hier-IF in capturing the hierarchical information, we examine the
secondary structure distribution against proteins from CATH.
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ProteinMPNN
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Figure 2: Sampling results of ProteinMPNN, ESM3, CATH and Hier-IF, as well as secondary
structure distribution

Proteins sampled by Hier-IF have secondary structures most similar to trained datasets. As
seen in Fig 2, proteinMPNN generate more helices and fewer strands and coils than natural proteins.
ESM3 and Hier-IF show a little bias toward the proteins from CATH, but ESM3 tends to generate
more strands and coils. Among the methods, Hier-IF can effectively capture hierarchical information
and generate the most natural-like secondary structure proportions matching natural protein more.
Proteins generated by ProteinMPNN contain a lot of helices and the issue becomes increasingly
severe as the length increases. Proteins generated by While ESM3 can generate a certain number of
strands and coils, there remains a noticeable gap compared to real natural proteins.
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Figure 3: Secondary Structure Fidelity (Error vs.
CATH).

Table 2: Comparison of secondary
structure recovery measured by
MAPE.

Method MAPE
ProteinMPNN 7.7%
ESM3 7.6%

Hier-IF (Ours) 1.0%

As illustrated in Figure 3, baseline methods like ProteinMPNN and ESM-3 exhibit specific structural
biases, most notably an over-generation of helices at the expense of sheets. Hier-IF minimizes
these specific deviations, maintaining a profile that is nearly indistinguishable from the natural
baseline (CATH) across all secondary structure types. This component-wise fidelity is aggregated and
quantitatively confirmed in Table 2. In terms of Mean Absolute Percentage Error (MAPE), Hier-IF
achieves a remarkably low error of 1.0%. This represents an approximate 87% reduction in overall
compositional error compared to baselines, demonstrating that our model captures the hierarchical
statistics of protein structures with high precision.
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4.3 HIERARCHY-GUIDED FOR CONTROLLABLE GENERATION

Table 3: Guiding Hier-IF in C-level
Classes.

Class Des.(%) Div. SS (%)

FS TM α β

Uncond. 92.1 0.53 0.84 38.6 23.7
Main α 92.6 0.26 0.90 58.9 7.2
Main β 89.0 0.39 0.83 17.5 32.7
Mix 95.2 0.39 0.82 44.1 20.6

To address the helix over-generation bias, we applied C-
level secondary structure guidance to Hier-IF, following
the protocol of Geffner et al. (2025). Table 3 demon-
strates the effectiveness of this approach: guiding towards
the “Main-β” class dramatically increases β-sheet content
(to 32.7%), effectively correcting the imbalance seen in
unconditional generation. Crucially, this structural condi-
tioning enhances designability, peaking at 95.2% in the
“Mixed” class. We observe that this improvement is ac-
companied by a moderate reduction in diversity (FoldSeek
scores). This reflects an expected trade-off: introducing class constraints narrows the conformational
landscape, balancing specificity against variability. However, global structural fidelity remains un-
compromised. The TM-scores remain stable across all settings, indicating that while Hier-IF becomes
more specific under guidance, it retains the capacity to generate biologically plausible folds without
structural degradation.

4.4 EVALUATION OF GENERALIZATION AND FOLDABILITY

To comprehensively assess the capabilities of Hier-IF beyond standard benchmarks, we conducted
extensive experiments focusing on two critical aspects: the model’s generalization to independent
datasets and the structural validty of the designed sequences. Standard benchmarks often share
distribution characteristics with the training set. To evaluate the robustness of Hier-IF on unseen
protein distributions, we tested our model on the TS50 and TS500 datasets, which are widely used as
independent test sets. As detailed in Appendix E, Table 5, Hier-IF demonstrates superior general-
ization capabilities. Specifically, on the larger TS500 dataset, our model achieves a recovery rate of
66.42%, outperforming state-of-the-art baselines. This indicates that the hierarchical information
learned by our model transfers effectively to novel protein topologies.

Table 4: In silico folding validation. We com-
pare the structural consistency. Bold indicates
the best.

Model Rec.(↑) TM(↑) scRMSD(↓)
ProteinMPNN 0.46 0.80 1.36
PiFold 0.52 0.71 1.67
GraDe-IF 0.52 0.76 1.41
Bridge-IF 0.58 0.81 1.47

Hier-IF (Ours) 0.59 0.82 1.36

High sequence recovery does not always guaran-
tee that the generated sequences will fold into
the desired structures. To verify the physical
plausibility and foldability of our designs, we
performed an in silico folding validation using
OpenFold. We predicted the 3D structures of the
generated sequences and calculated the TM-score
and scRMSD against the ground truth backbones.
The results in Table 4, show that Hier-IF achieves
the highest TM-score (0.82) and ties for the best
scRMSD (1.36 Å). This confirms that Hier-IF
generates sequences that are not only statistically
likely but also structurally consistent with the tar-
get geometries.

5 CONCLUSION AND DISCUSSION

In this work, we introduce Hier-IF, a novel approach to inverse folding that explicitly accounts for the
hierarchical nature of protein structures. Our method refines the traditional structure-to-sequence
paradigm by incorporating a multi-stage generation process, where local structures are first generated
and then assembled into a full sequence. This hierarchical design leverages biological priors and
improves sequence quality, addressing a significant gap in existing inverse folding techniques. While
Hier-IF represents a significant advancement in the field of inverse folding, there remain several
opportunities for future improvement and exploration. One potential avenue is the refinement of
the local structure prediction stage, where further optimization could lead to even higher accuracy
in generating the correct local motifs. Additionally, exploring the integration of more advanced
generative models or incorporating evolutionary information could help enhance the robustness of
the model, particularly for more complex or less-characterized proteins.
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A IMPLEMENTATION DETAILS

A.1 BASELINE EVALUATION

In our experiments, we compare Hier-IF with several approaches, including GraphTrans (Ingraham
et al., 2019), GVP (Jing et al., 2020), PiFold (Gao et al., 2022a), AlphaDesign (Gao et al., 2022b),
ProteinMPNN (Dauparas et al., 2022), ESM-IF (Hsu et al., 2022), LM-Design (Zheng et al., 2023)
and KW-Design (Gao et al., 2023a). We will describe the implementation as follow:

• GraphTrans: They introduce conditional language models for protein sequence that directly
condition on a graph specification of the target structure. They can efficiently captures the
complex dependencies in proteins by focusing on those that are long-range in sequence but
local in 3D space.

• GVP: They extend standard dense layers to operate on collections of Euclidean vectors.
Utilizing such layers can help model to leverage the geometric and relational aspects.

• PiFold: They propose a novel residue featurizer to learn multi-scale residue interactions and
PiFold can generate the sequence in one shot as a result it can achieve a great effectiveness.

• AlphaDesign:They use AlphaFoldDB to establish a new graph-based benchmark. Fur-
thermore, they use a simplified graph transformer encoder to introduce protein angles and
propose a confidence-aware protein decoder. Such modules can efficiently improve the
performance.

• ProteinMPNN: They begins from a message passing neural network which can effectively
explore the information of backbones. Then, they replaced the fixed decoding order with
an order agnostic autoregressive model, which means the decoding order is random. Such
strategy can efficiently improve the performance for inverse folding.

• ESM-IF:They augments the inverse folding dataset with folding data created by AlphaFold2.
Training with additional data, the performance achieves a great progress.

• LM-Design: They conduct a lightweight structural adapter which is implanted into protein
language models and endows it with structural awareness.

• KW-Design: They propose a knowledge-aware module that refines low-quality residues.
Furthermore, they introduce a memory-retrieval mechanism to save more training time.

A.2 DATASETS

In our experiments, we evaluate the proposed Hier-IF model on two widely used protein domain
datasets: CATH4.2 (Orengo et al., 1997) and CATH4.3 (Hsu et al., 2022). These datasets provide a
reliable benchmark for assessing the capacity of models to generalize across diverse protein topologies.
For CATH4.2, we follow the experimental setup described in GraphTrans (Ingraham et al., 2019).
We utilize all protein domains from the CATH4.2 40% non-redundant set. From these domains, we
extract the corresponding full protein chains, filtering out those longer than 500 residues to control
computational complexity and ensure consistency with prior work. The resulting dataset is then split
based on CATH topology classification codes into training, validation, and test sets, maintaining
an 80/10/10 ratio. This ensures that each topology appears in only one of the three sets, promoting
rigorous generalization evaluation. For CATH4.3, we adopt the protocol introduced in ESM-IF (Hsu
et al., 2022). Specifically, we split the topology classification codes from CATH4.3 into training,
validation, and test sets using the same 80/10/10 ratio. We extract full chains of no more than 500
residues, ensuring consistency across datasets and alignment with computational constraints.

A.3 TRAINING

The models are trained up to 100 epochs by default using the Adam optimizer on NVIDIA A6000s. We
use the training setting as ProteinMPNN, where the batch size is set to 6000 residues. Furthermore, we
employ the Noam learning rate scheduler (Vaswani et al., 2017), which is widely used in transformer-
based models. This scheduler starts with a warm-up phase where the learning rate increases linearly,
followed by a decay phase where it decreases proportionally to the inverse square root of the training
step.
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B DETAILS OF HIER-IF

B.1 MASKED DIFFUSION MODEL

We formulate the mask-based diffusion process over discrete or structured protein representations
(e.g., residue identities or torsion angles) using a forward process that progressively masks input
tokens, and a reverse process that learns to recover them.

B.1.1 FORWARD PROCESS (MASKING)

Given a protein representation x0 ∈ XL, where L is the sequence length, the forward process defines
a sequence of increasingly masked inputs {xt}Tt=0. At each timestep t, a binary mask mt ∈ {0, 1}L
is sampled from a masking schedule q(mt | t), and we define:

xt = mt ⊙ [MASK]+ (1−mt)⊙ xt−1

where⊙ denotes elementwise multiplication, and [MASK] is a special token representing an unknown
residue or feature.

The marginal distribution of xt given x0 can be written as:

q(xt | x0) = Emt
[xt | x0] = mt ⊙ [MASK]+ (1−mt)⊙ x0

B.1.2 REVERSE PROCESS (UNMASKING)

The denoising model pθ learns to reconstruct the original input by predicting the masked elements:

pθ(xt−1 | xt) =
∏

i∈Mt

pθ(x
(i)
t−1 | xt)

whereMt = {i | m(i)
t = 1} is the set of positions masked at timestep t.

For protein sequence modeling, each term is modeled by a categorical distribution over the 20
standard amino acids:

pθ(x
(i)
t−1 = a | xt) = softmax(fθ(xt))a (7)

where fθ is a neural network (e.g., a transformer) that outputs logits for each residue position.

B.2 MASK GENERATOR

To enable a structure-aware and learnable masking strategy, we introduce a mask generator that
produces a soft masking score for each residue at every diffusion timestep. The mask generator is
implemented as a 3-layer multi-layer perceptron (MLP), which takes as input both the DSSP-derived
secondary structure and the current diffusion timestep.

Each residue’s secondary structure si is encoded as a one-hot vector:

onehot(si) =


[1, 0, 0], if si = H (helix)
[0, 1, 0], if si = E (strand)
[0, 0, 1], if si = C (coil)

The mask generator outputs a soft mask m̃ ∈ (0, 1)L, where each element m̃i represents the
probability of masking the i-th residue. To encourage discrete masking behavior during training, a
hard mask m ∈ {0, 1}L is sampled from m̃ according to a Bernoulli distribution:

mi ∼ Bernoulli(m̃i).

Since this sampling operation is inherently non-differentiable, it blocks gradient backpropagation
through m. To mitigate this, we employ the Straight-Through Estimator (STE) technique, which
treats the sampling step as an identity function during the backward pass. Concretely, the gradient is
directly propagated from the loss with respect to the hard mask m back to the soft mask m̃:

∂L
∂m̃
≈ ∂L

∂m
.
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Alternatively, training can be conducted solely with the soft mask m̃ to maintain full differentiability,
at the cost of losing discrete mask interpretability.

This approach enables the mask generator to learn meaningful, time-dependent masking strategies
that balance discrete perturbations with smooth optimization.

—

The diffusion timestep t is represented as a scalar, either as an integer in the diffusion schedule
t ∈ {0, . . . , T} or normalized to a continuous value in the range [0, 1]. This scalar is then mapped to
a higher-dimensional embedding via a small learnable MLP:

τ(t) = W2 · ReLU(W1t+ b1) + b2, τ(t) ∈ Rdt ,

where W1 ∈ Rh×1, W2 ∈ Rdt×h, and h denotes the hidden dimension size.

For each residue i, the input vector to the mask generator is formed by concatenating the one-hot
encoded secondary structure and the time embedding:

zi = concat
(
onehot(si), τ(t)

)
∈ R3+dt .

The mask generator gϕ is a 3-layer MLP that maps zi to the soft mask score:

m̃i = σ
(
W3 · ReLU

(
W2 · ReLU(W1zi + b1) + b2

)
+ b3

)
,

where σ(·) denotes the sigmoid activation, ensuring m̃i ∈ (0, 1) represents the masking probability
for residue i.

—

The resulting soft mask m̃ ∈ (0, 1)L is sampled during training to produce a hard mask m, while at
inference time, a deterministic mask can be obtained by thresholding or selecting the top-k residues
with highest mask scores.

This design allows the model to learn residue-level, structure- and time-aware masking strategies that
adapt dynamically according to both the diffusion stage and the protein secondary structure context.

B.3 SOFT VS. HARD MASKING

We distinguish between two types of masking strategies: soft masking and hard masking, based on
how the mask is applied during training and inference.

Soft masking. In soft masking, the output m̃ ∈ (0, 1)L from the mask generator is directly
interpreted as a probabilistic or fractional mask. This enables smooth, differentiable updates, and is
especially useful when the mask is applied via interpolation:

x̂ = m̃⊙ noise + (1− m̃)⊙ x

Here, each position is softly corrupted in proportion to its predicted mask score. This allows gradients
to flow through the masking mechanism during backpropagation, and facilitates end-to-end training.

Hard masking. In hard masking, the soft mask m̃ is used to sample a binary mask m ∈ {0, 1}L,
typically as:

mi ∼ Bernoulli(m̃i)

This sampled mask is then used to fully corrupt certain positions and leave others untouched.
While this approach aligns more closely with classical denoising objectives and provides stronger
perturbations, the sampling process is non-differentiable and introduces variance during training.
Common workarounds include using the Straight-Through Estimator (STE) or Gumbel-softmax
relaxation.

Comparison. Soft masking provides smoother training dynamics and supports gradient-based opti-
mization of the masking policy. Hard masking, in contrast, introduces more discrete and interpretable
corruption patterns, often preferred at inference time or when seeking sharper denoising effects.

In our implementation, we employ soft masking during training to ensure gradient flow, and optionally
apply hard masking at inference via either thresholding or top-k selection based on the predicted m̃.
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B.4 DSSP SECONDARY STRUCTURE ANNOTATION

DSSP (Define Secondary Structure of Proteins) (Kabsch & Sander, 1983) is a widely used algorithm
for assigning secondary structure elements to each residue in a protein based on its 3D atomic
coordinates. It categorizes residues into eight classes:

{H,B,E,G, I,T, S,C}
where

• H: Alpha-helix
• B: Isolated beta-bridge residue
• E: Extended strand, participates in beta ladder
• G: 310 helix
• I: Pi-helix
• T: Turn
• S: Bend
• C: Coil (none of the above)

For many applications, including ours, a simplified secondary structure representation is preferred.
We map the original 8 classes into 3 broader categories, commonly referred to as Helix (H), Strand
(E), and Coil (C), as follows: 

H = {H,G, I} (Helices)
E = {E,B} (Strands)
C = {T,S,C} (Coils/Loops)

This reduction simplifies the secondary structure annotation while preserving the key structural motifs
relevant for downstream modeling and masking tasks.

C EVALUATION METRIC

Median Recovery Median Recovery measures the similarity between generated protein sequences
and target reference sequences, commonly used to evaluate reconstruction accuracy. Given a set of
sequence pairs {(Sgen

i , Sref
i )}Ni=1, the recovery for each pair is defined as the proportion of matching

amino acids at corresponding positions:

Recoveryi =
1

Li

Li∑
j=1

I
(
Sgen
i,j = Sref

i,j

)
,

where Li is the length of the i-th sequence and I(·) is the indicator function. Median Recovery is the
median of all individual recoveries:

Median Recovery = median
(
{Recoveryi}Ni=1

)
.

A higher median recovery indicates better agreement between generated and reference sequences.

Perplexity Perplexity is a widely used metric to assess the quality of probabilistic sequence models,
reflecting how well a model predicts a given protein sequence. For a sequence S = (s1, s2, . . . , sL)
and a model parameterized by θ that estimates conditional probabilities pθ(sj |s<j), the log-likelihood
is:

log pθ(S) =

L∑
j=1

log pθ(sj |s<j).

The perplexity of the sequence is defined as:

Perplexity(S) = exp

(
− 1

L
log pθ(S)

)
.

Lower perplexity indicates that the model predicts the sequence with higher confidence and better
accuracy.
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Designability A protein backbone is considered designable if there exists at least one amino acid
sequence that folds into that structure. Our evaluation of designability follows the methodology
outlined by Yim et al. (2024). For each backbone generated by a model, we produce eight candidate
sequences using ProteinMPNN (Dauparas et al., 2022) with a sampling temperature of 0.1. Each
designed sequence is then folded using ESMFold (Lin et al., 2023) to predict its 3D structure.

We calculate the root mean square deviation (RMSD) between each predicted structure and the model’s
original backbone. The lowest RMSD among the eight predictions, termed the self-consistency RMSD
(scRMSD), is used to evaluate designability. A backbone is classified as designable if its scRMSD is
below a threshold of 2 Å.

The overall designability score for a model is computed as the fraction of generated backbones that
meet this criterion:

Designability =
1

N

N∑
i=1

1
(
scRMSD(Si) < 2 Å

)
,

where N is the total number of generated backbones and 1(·) is the indicator function.

This approach quantitatively measures the practical feasibility of designing sequences that reliably
fold back to the intended structures, thus reflecting the quality of the generative model.

Structural Diversity via Foldseek Structural diversity measures the extent to which generated
protein sequences fold into a variety of distinct structural conformations, which is important for
exploring novel folds and functions.

Foldseek (Van Kempen et al., 2024) is a state-of-the-art tool for fast and sensitive structural compari-
son and clustering of large protein datasets. After predicting 3D structures for designed sequences,
Foldseek is used to perform pairwise structural alignments and group proteins into clusters based on
their similarity.

Diversity is then quantified by metrics such as:

• The number of distinct structural clusters detected at a given similarity cutoff, reflecting the
breadth of structural exploration.

• Average pairwise structural dissimilarity (e.g., average RMSD or 1 - TM-score) among the
generated structures.

D DIFFERENT SAMPLING STRATEGY

Method Recovery Perplexity
Short Single-Chain All Short Single-Chain All

Iterative Refinement 0.40 0.41 0.53 6.97 6.02 5.80
Time-aware Mask Generator 0.46 0.46 0.59 5.46 5.17 4.01

Masked diffusion models generate discrete sequences by iteratively predicting masked tokens. While
these models are efficient and parallelizable, initial predictions may suffer from inconsistencies or
errors, particularly when conditioned on complex structures (e.g., protein 3D conformation). To
address this, iterative refinement is introduced as a mechanism to improve generation quality by
progressively revising uncertain predictions across multiple steps.

Let a discrete sequence of length L be denoted by x = [x1, x2, . . . , xL], and let x(0) be the initial
input where some tokens are masked. The goal is to iteratively update x(t) to produce a coherent
sequence x̂(T ) after T refinement steps.

At each iteration t = 1, . . . , T , the refinement process involves three stages:

1. Prediction: The masked model fθ predicts the token distribution given the current sequence:

x̂(t) = fθ(x
(t−1), cond)

where cond denotes optional conditioning information (e.g., structural constraints).
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2. Remasking: Based on prediction confidence (e.g., entropy or max softmax probability), a
subsetM(t) of uncertain positions is selected to be masked again:

M(t) = TopKUncertain(x̂(t))

3. Update: The input for the next step is updated as:

x
(t)
i =

{
x̂
(t)
i , if i /∈M(t)

[MASK], if i ∈M(t)

This process is repeated for T iterations to progressively refine the prediction toward a coherent and
high-quality output.

Following Zheng et al. (2023), we implement the iterative refinement strategy for sequences genera-
tion. Compared with the time-aware Mask Generator proposed, we find our methods can achieve
better performance. Because of the awareness of the hierarchical information, Hier-IF can design the
protein sequence with higher recovery and perplexity.

E ADDITIONAL RESULTS

E.1 GENERALIZATION ON INDEPENDENT TEST SETS (TS50 AND TS500)

To rigorously evaluate the generalization capability of Hier-IF on unseen protein structures, we
employed two widely recognized independent test sets: TS50 and TS500.

• TS50: This dataset consists of 50 diverse protein structures. It was originally curated to
measure the performance of protein design models on structures that are strictly strictly
separated from the training data, ensuring no sequence or structural redundancy.

• TS500: This is a larger and more challenging dataset containing 500 protein structures. It
covers a broader range of protein folds and topologies, providing a more comprehensive
assessment of a model’s robustness and ability to handle complex structural variations.

The detailed performance comparison on these datasets is presented in Table 5. Hier-IF consistently
outperforms the baselines, particularly on the larger TS500 set, demonstrating its strong generalization
ability.

Table 5: Generalization performance on independent test sets. We compare Hier-IF with state-of-
the-art methods on TS50 and TS500 datasets. The best results are highlighted in bold.

Dataset Model Recovery (↑) Perplexity (↓)

TS50

ProteinMPNN 54.43 3.93
PiFold 58.72 3.86
LM-Design 57.89 3.50
Hier-IF (Ours) 58.01 3.47

TS500

ProteinMPNN 58.08 3.53
PiFold 60.42 3.44
LM-Design 64.30 3.19
Hier-IF (Ours) 66.42 2.83

E.2 DETAILS OF IN SILICO FOLDING VALIDATION

In Section 4.4, we reported the structural consistency results. Here, we provide the detailed setup for
this validation.

We utilized openfold to predict the 3D structures of the sequences generated by Hier-IF and baseline
models. The structural quality was evaluated using two key metrics:
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• TM-score: A metric for assessing the topological similarity of protein structures. It ranges
from 0 to 1, with higher scores indicating better structural overlap. A score above 0.5
typically implies roughly the same fold.

• scRMSD (side-chain Root Mean Square Deviation): This metric measures the deviation of
side-chain packing between the predicted structure and the native backbone. Lower scRMSD
values indicate higher precision in side-chain packing and overall structural consistency.

As shown in the main text, Hier-IF achieves superior TM-score and competitive scRMSD, validating
that the hierarchical information effectively guides the model to generate foldable sequences.

E.3 ABLATION STUDY

In Hier-IF training, we introduce a bidireactional reconstruction loss. Furthermore, we introduce a
sampling strategy with structure-aware remask mechanism. This section evalution the effects of these
technic on CATH4.2 dataset. The Table 6 shows the results. Please refer Appendix for more details.

Table 6: Ablation results on different settings

Bidireactional reconstruction loss Structure-aware remask Recovery Perplexity
Short Single-chain All Short Single-chain All

✗ ✗ 0.28 0.29 0.36 8.27 8.73 6.61
✓ ✗ 0.34 0.38 0.51 7.23 6.42 4.82
✗ ✓ 0.42 0.43 0.53 6.02 5.90 4.36
✓ ✓ 0.46 0.46 0.59 5.46 5.17 4.01

To demonstrate the necessity of our proposed iterative generation and remasking mechanism, we ana-
lyzed how the quality of generated sequences evolves throughout the generation process. Specifically,
we compared our structure-aware strategy (DSSP-based) against a random remasking baseline.

Table 7: Comparison of sequence recovery during the iterative generation process (50 steps).

Method Step=0 Step=10 Step=20 Step=30 Step=40 Step=50
Random 0.00 0.23 0.32 0.42 0.48 0.51
DSSP-based (Ours) 0.00 0.24 0.36 0.45 0.52 0.58

Table 7 presents the sequence recovery rates recorded at different intervals of the 50-step sampling
process. As shown in the results, the structure-aware strategy consistently outperforms the random
baseline at every interval of the generation trajectory. This comparison confirms the effectiveness
of our proposed mechanism, as it utilizes structural cues to guide the model toward higher-quality
sequences more efficiently than random masking.
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