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Abstract

Is there a foreign language describing protein sequences and
structures simultaneously? Protein structures, represented by
continuous 3D points, have long posed a challenge due to
the contrasting modeling paradigms of discrete sequences.
We introduce FoldTokenizer to represent protein sequence-
structure as discrete symbols. This approach involves pro-
jecting residue types and structures into a discrete space,
guided by a reconstruction loss for information preservation.
We name the learned discrete symbols as FoldToken, and the
sequence of FoldTokens serves as a new protein language,
transforming the protein sequence-structure into a unified
modality. We apply the created protein language on general
backbone inpainting task, building the first GPT-style model
(FoldGPT) for sequence-structure co-generation with promis-
ing results. Key to our success is the substantial enhancement
of the vector quantization module, Soft Conditional Vector
Quantization (SoftCVQ).

Introduction

Sequence and structure modeling play a crucial role
in protein applications, including mutation prediction
(Umerenkov et al. 2022), sequence design (Ingraham et al.
2019; Jing et al. 2020; Tan et al. 2022; Gao et al. 2022;
Zheng et al. 2023; Hsu et al. 2022; Gao, Tan, and Li
2023c,b), and function prediction (Hu et al. 2023; Zhang
et al. 2022; Fan et al. 2022; Hu et al. 2024). However, the
modality gap between sequence and structure usually re-
quires different model architectures, i.e., sequence learn-
ers are typically based on transformers, while the struc-
ture learners are generally based on graph neural networks
(GNNs). Constraints from modality-specific models, es-
pecially the structure prior required by GNNs, limit the
modeling flexibility and prevent the applications of recent
progress, such as GPT (Brown et al. 2020), on protein tasks.
Given the success of applying Transformer to ViT (Dosovit-
skiy et al. 2020), where a image is converted to sequence of
patches (image foreign language), we wonder is there a way
to unify the sequence and structure modalities by a protein
foreign language?
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Recent work shows promise on structure to sequence
transformation. IG-VAE (Eguchi, Choe, and Huang 2022)
and FoldingDiff (Wu et al. 2024) suggest converting pro-
tein structures as sequences of folding angles and shows
great potential in unconditional protein backbone genera-
tion. DiffSDS (Gao, Tan, and Li 2023a) extends the method
in the scenarios of conditional backbone inpainting. These
methods simplify 3D coordinates as angle sequence, allow-
ing advanced transformers to be applied to structural model-
ing. However, continuous angles resist modeling as discrete
symbols, unlike human language, hindering transformers
in autoregressive generation where regression loss-trained
models generally underperform compared to those trained
by classification loss. (Pintea et al. 2023; Stewart, Bach,
and Vert 2023; Horiguchi, Dohi, and Kawaguchi 2023). Es-
tablishing a discrete protein language to bridge protein re-
search with NLP remains an open challenge.

Inspired by learning discrete vision language (Yu et al.
2021; Esser, Rombach, and Ommer 2021; Lee et al. 2022),
we create a novel protein foreign language describing se-
quence and structure simultaneously, dubbled protein lan-
guage. The key idea is to project the sequence and structure
into a joint discrete space via FoldTokenizer then the se-
quence of discrete codes can serve as a new protein language
to unify the sequence and structure modalities. To ensure
the created protein language is informationally equivalent to
original sequence-structure, we train the FoldTokenizer via
reconstruction loss. Once the protein language is learned, it
can be used for generative and predictive downstream tasks.

Recovering structures from the protein language poses
a non-trivial challenge, necessitating the development of
new VQ methods. After evaluating vanilla VQ (VVQ) (Van
Den Oord, Vinyals et al. 2017) and recent lookup-free VQ
(LFQ) (Yu et al. 2023), we reveal their proficiency in se-
quence but suboptimal structure reconstruction. We system-
ically analized their limitations and strengths, proposing tar-
geted strategies for improvement. The key to good recon-
struction is soft querying across the entire codebook space.

LFQ (Yu et al. 2023) has identified a trade-off between
reconstruction and generation tasks - models excelling in
reconstruction may underperform in downstream tasks. We
further analize why the phenominon exist and propose im-
porved VQ method to overcome this challenge. For the first
time, the proposed SoftCVQ method achieves good perfor-



mance on both protein reconstruction and generation tasks,
effectively addressing limitations seen in prior approaches.

We assess our model on both reconstruction and genera-
tive tasks. Our findings reveal a substantial enhancement in
reconstruction quality with the proposed SoftCVQ method
surpassing existing VQ methods. Leveraging the learned
protein language, we introduce FoldGPT as the pioneering
autoregressive sequence-structure co-generation model. Re-
markably, FoldGPT outperforms comparable methods rely-
ing on sequences of continual angles, providing additional
confirmation of the value of discretization.

Related Work

Protein Sequence-Structure Co-modeling has emerged
as a vibrant area of research, aiming to create joint represen-
tations and enable the simultaneous generation of sequences
and structures. Co-representation techniques integrate pre-
trained sequence models with graph neural networks pre-
trained on protein structures. These fused embeddings find
applications in predictive tasks such as binding affinity and
stability prediction (Zhang et al. 2023b; Samaga, Raghu-
nathan, and Priyakumar 2021). Co-design techniques es-
tablish connections between sequence and structure genera-
tive models to generate novel sequences and structures from
scratch (Shi et al. 2022; Song et al. 2023). These approaches
highlight that sequences and structures contain complemen-
tary information, underscoring the need for further advance-
ments in co-modeling methods to address challenges related
to both aspects of protein folding and inverse-folding. A no-
table application of co-modeling is in antibody design (Jin
et al. 2021; Luo et al. 2022; Kong, Huang, and Liu 2022;
Tan, Gao, and Li 2023).

Vector Quantization is a powerful technique for data
compression and generation. Vanilla VQ (Van Den Oord,
Vinyals et al. 2017) compresses latent representations to the
nearest codebook vector. Product quantization (PQ) (Jégou,
Douze, and Schmid 2011; Chen, Li, and Sun 2020; El-
Nouby et al. 2022) decomposes the space into a Cartesian
product of low-dimensional subspaces, quantizing each sub-
space separately for nearest neighbor search. Residual quan-
tization (RQ) (Juang and Gray 1982; Martinez, Hoos, and
Little 2014; Lee et al. 2022; Zeghidour et al. 2021) itera-
tively quantizes vectors and their residuals, representing the
vector as a stack of codes. Lookup-free VQ (LFQ) (Mentzer
et al. 2023; Yu et al. 2023) quantizes each dimension to a
small set of fixed values.

Angle-based Structure Representation Derived from lo-
cal residue coordinate systems, invariant features such as
bond angle, torsion angle, and bond length serve as natu-
ral representations of protein structures (Eguchi, Choe, and
Huang 2022; Wu et al. 2024; Gao, Tan, and Li 2023a; Lee,
Kim, and Kim 2022). They capture intrinsic geometric prop-
erties unaffected by translation or rotation, making them
ideal for tasks like inverse folding and antibody design. To fit
the paradigm of the transformer, we encode structural infor-
mation as a sequence of locally folding angles. Formally, we
define f : x; — a;, transforming Euclidean coordinate x;
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to invariant representation a;, i.e., a; = (7, a;, 8;), where
3, ; and ; are bond length, bond angle and torsion angle.

Method
Overall framework

As shown in Figure.1, the overall pipeline include two mod-
els: (1) FoldTokenizer, learning the discrete protein language
describing sequence and structure (2) FoldGPT, a NLP-
style model using protein language and generating protein
sequence-structure autoregressively.

FoldTokenizer includes encoder, quantizer and decoder,
to jointly represent the residue types and C,, coordinates as
discrete latent codes. Given the sequence and structure as
S={s;:1<i<n}and A= {a; €eR3:1<i<n},
with protein length n. We formulate FoldTokenizer as:

h~ Qenc(h|87~’4)
5= Q(h)
S,A :pdec(SvA|Q71(Z))

(D

The encoder genc(-) is a transformer-based model that
maps protein sequence and structure into a continuous latent
embedding h = {hy,hy,--- ,h,} € R™% The quantizer
@ : h — z converts continual embeddings h as discrete
codes z € Z™!, whose reverse operation is Q' : z — h.
The decoding transformer pge. () reconstructs the sequence

and structure from the reversed latent embedding h.

FoldGPT We apply the created protein language to the
problem of protein inpainting. Denote the masked backbone
atoms as M = {(a;, s;) }icz,,, the known backbone atoms
as K = {(ay, si) }iez,, where a; and s; are the coordinates
and residue type of the i-th C,, atom. Here, Z,,, and 7, de-
note the indices of unknown and known residues, respec-

tively. The objective of protein inpainting is to generate M
using a learnable function fy conditioned on C:

fo: K> M 2)
Using FoldTokenizer, we encode structure-sequence
{(a1,$1),(az,$2), -+ ,(an,sn)} as discrete codes

{21,292, -+ , 2, }. Subsequently, we mask out and regen-
erate {z;};cz, conditioned on {z;};cz,. A distinctive
feature compared to previous work is our transformation of
the multimodal sequence-structure into a discrete foreign
language. This allows for a pure transformer model in
structure-sequence co-design, eliminating the need for
SE-(3) models and diffusion strategies. As shown in Fig.1,
FoldGPT draws inspiration from GLM and utilizes full
attention over all known contexts before generating masked
regions in an autoregressive manner. To differentiate
between the known and unknown segments, we utilize
segment encoding in conjunction with position encoding.
We formulate FoldGPT as

max E > logpo(zkl{zitieni: {2} i<hjer,) B3
k€L,
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Figure 1: The overall framework of FoldToken. We use a encoder-quantizer-decoder to create fold language, and a transformer-
based model to generate protein sequence-structure autoregressively.

FoldTokenizer: Encoder & Decoder

Protein Encoder The encoder transformer uses rotary po-
sition encoding and projects the protein sequence S and
structure X' as continuous latent embedding h € RY. We
fuse the sequence-structure embeddings by simply addition:

h® = Embedding(S)

h* = Linear(X)

h = Transformerc,.(h® + h*)

“

Protein Decoder The decoder has the same architecture
as encoder and reconstructs sequence-structure from the dis-
crete latent codes z by separate predictive heads:

h?¢¢ = Transformerg..(Q~Q(h))
S = Linear, (h?) € R™%
)E. _ Linea.rm(hdec) c Rn,l

&)

Reconstruction Loss The learning objective is to recover
protein sequence-structure like VQ-VAE. We use cross-
entropy loss for residue type classification:

Z s;1og(8;)

To handle the periodicity of the angles (o, B;), we minimize
their trigonometric values, i.e., l,, = || sina; — sin &;||3 +
|| cos ai; — cos &;]|3 for a;, the structure loss is

Ls =logp(S|z) (6)

L, =logp(X|z) :Z(Hm*f%‘H%Jrlai +lg) (D
i=1
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The overall reconstruction is a weighted version:

»Crec = )\s»cs + )\a»ca (8)

Challenges on Vector Quantization

In this section, we thoroughly examine existing vanilla quan-
tizers and lookup-free quantizers, as shown in Fig.2. By un-
derstanding these limitations and strengths, we aim to pave
the way for further improvements in the field.

-0 1

5829 -
(a) Vanilla VQ (b) Lookup-free VQ

Figure 2: Baseline vector quantization methods.

Vector Quantization Problem The quantizer Q) : h — 2
converts continuous embedding h as a discrete latent code

z, named VQ-ID. The de-quantizer Q‘l . 2 v h recover
continual embedding h from z. The problem formulation is

{ ()

Q
Q7'(2)

€))

o> W
Il



Strategy A: Vanilla Quantizer (VVQ) Given input h, the
vanilla quantizer finds the nearest codebook vector v from
codebook €& = {v;}7" . The index of v serves as the dis-
crete latent code z, dubbled VQ-ID of h.

{Zi = Q(h;) = argmin; [[h; — vj|2
hi

= QN () = v, (10

To improve the learning stability of VVQ, we utilize the ex-
ponential moving average (EMA) mechanism for codebook
updating and normalize the continuous embeddings h and v
to the unit hypersphere before quantization: h < h/||h||2,
v < v/||v]||2. In addition to the gradient update, the EMA
moves v to the center of its nearest top-k embeddings {h; :
1 < j < k}, when v; deviates from the data distribution.
This process is described by v; + 7v; + (1 — 7)(h; — v;).
=095 if ||+ 2?21 h;—wv;||2 > €, otherwise 7 = 0.0.
Note that 7, k, and € are the moving average weight, the
number of nearest embeddings, and the threshold for out-
of-distribution embeddings, respectively. We set k¥ = 5 and
e = 0.1. We apply the VQ loss for aligning h and v, denoted
as Lug = [|sg(h) — v|[3 + 0.25[[h — sg(v)][3.

Limitations of VVQ The vanilla quantizer directly copies
the gradient of iz to h;, i.e. oL oL

> Oh; oh;’
gradient mismatching between embedding 3 dL and h;. In
addition, the higher reconstruction quality does not neces-
sarily lead to better generation performance on downstream
tasks. For example, (Yu et al. 2023) points out that recon-
struction and generation may be contradicted: Enlarging the
vocabulary can improve reconstruction quality. However,
such improvement only extends to generation when the vo-
cabulary size is small, and a very large vocabulary can actu-
ally hurt the performance of the generative model. Why does
the contradiction occur? We attribute the intrinsic reason to
semantic irrelevance between continuous and discrete rep-
resentations and the large class space. We summarize the
limitations as follows:

1. Gradient Mismatching As the VQ-IDs {z; }” ; are non-
differentiable, the vanilla quantizer directly coples the

gradient of h; to h;, i.e., 2L = da,f However, h; gen-

— , resulting in the

» Bh;
erally does not equal hj;, resulting in the mismatching
between embedding h; and its gradient (?TL

2. Semantic Irrelevance The discrete and continuous rep-
resentations exhibit no correlation, implying the absence
of any association between (h; — h;) and (2; — z;). The
irrelevance means that the generative model should accu-
rately predict the exact z; for recovering h;, despite the
high similarity between z; and z;. This further increase
the differenty of generation.

3. Large Class Space Regarding the generative model,
each VQ-ID z; represents a class index. The large code-
book size of m can indeed pose challenges in generating
the “’protein language”.

Strategy B: Lookup-Free Vector Quantizer (LFQ) This
method (Yu et al. 2023) address the semantic mismatching
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and large class space problems. Denote e; € R as the one-
hot vector whose j-th element is 1 and d = log, m. The
key idea is to project the continuous h; into the space of

V={>0 [wije; + (1 —wi)(—e;)]  wi; € {0,1}}:

ﬁ =Sign( i) = Z 1 [uhij)e; + (1 —u(hij))(—e;)]
Yz d) =30 2771

Blt(z d) == [Lf/Qd 1J [2/2072], -, |2/2°)]"

zi = Bit ' (u(h ;))

(1)
The LFQ transforms latent embedding h; into sign vector
h; € {—1,1}% sign(z) = 1 if 2 > 0 and sign(x)
—1 if 2 <0.u(z)= (sign(x)+1)/2. We refer to u(h;)
as the binary VQ-ID vector, and its decimal form is used as
the VQ-ID z;. The functions Bit~!(-,-) and Bit(-, -) define
the transformation between the binary VQ-ID vector and the
VQ-ID.

Strength of LFQ The binary VQ-ID w(h;) directly cap-
tures the sign information of h;, establishing a semantic rel-
evance between the discrete and continuous representations.
This semantic relevance offers several advantages for down-
stream tasks, including:

1. Robust Generation: Accurate prediction of all bits is un-
necessary for the model. Majority of correct ’key” bits
ensures similar overall semantics, leading to reasonable
reconstruction of proteins.

2. Simplified Classification: Unlike VVQ that predicts to-
kens from a space of size m, the LFQ allows us to de-
compose the problem as log, m binary classifications.

LFQ addresses the issue of semantic irrelevance and make
the generation more robust and easy to be optimized.

Limitations of LFQ LFQ fails to address the issue of gra-
dient mismatching and and introduces a new challenge of in-
formation bottleneck.Typically, the codebook space is cho-
sen from options such as 28 (int8), 2'¢ (int16), 23?(int32),
and 2%4(int64) due to accommodate the required bits for
storing a VQ-ID. However, for a fair comparison to VVQ
and effective data compression, only 28 and 26 are consid-
ered, resulting in a hidden space size of 8 or 16 in lookup-
free VQ. This low dimensionality poses the problem of in-
formation bottleneck, hindering accurate reconstruction.

How to improve VQ methods?

To address the aforementioned problems, we introduce three
VQ methods, e.g., soft quantizer (SoftVQ), soft group quan-
tizer (SoftGVQ) and soft conditional quantizer (SoftCVQ).
In Table. 1, we summarize addressed issues of VQ methods,
i.e., gradient mismatching (GM), semantic irrelevance (SI),
multiclass classification (MC), and information bottleneck
(IB), and the strength of soft global querying (SGQ). Read-
ers will understand SGQ from strategy E.

Strategy C: Soft Vector Quantizer (SoftVQ vs VVQ)
Instead of selecting the closest codebook vector, the soft
quantizer utilizes a differentiable attention operation to



VQ Method w/oGM w/oSI w/oMC w/oIB wSGQ
Vanilla v
Lookup-free v v

SoftVQ (our) v v

SoftGVQ (our) v v v v

SoftCVQ (our) v v v v v

Table 1: Comparison of different vector quantifiers.
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Figure 3: Proposed vector quantization methods.

query the entire codebook £ = {vi}}" ;:

exp (h{ v;/T)

%ij = T exp (hT v, /T)

7 m

hi =300 aiv; (12)
Zi = arg Hlan Q5

The temperature parameter 7" plays a crucial role in control-
ling the smoothness of the attention map. When 7" — 0, the
attention map becomes a one-hot vector, which is equiva-
lent to the VVQ. During the training process, as T gradually
decreases from 1.0 to 1le—?, the model automatically learns
a sharp attention map for querying the “nearest” codebook
vector. The differentiable attention operation avoids gradient
mismatch problem. During the inference phase, we employ
random sampling to obtain the discrete latent codes z; from
the distribution z; ~ Multinomial([a; 0, @i 1, , @i m])-

Strategy D: Soft Group Vector Quantizer (SoftGVQ vs
LFQ) Similar to LFQ, the soft group quantizer projects
the continuous embedding h; into the space of V
{5 [wijv, + (1 - wig)i;) + wyy € [0,1]}, where
m is the codebook size, v; and v; are learnable basis vec-
tors in the j-th group. The w;; is computed by soft atten-
exp (h{v;/T)
exp (h{v;/T)+exp (h]v;/T)"
ing, we gradually reduce 7' from 1 to le — 5. Define
w = [W;1,W;2," " W log,(m)), the binary VQ-ID vector
is u(w — 0.5). The recovered embedding h; and VQ-ID z;
could be computed by

log,(m .
hi = Y05 wivg + (1 wi)o;)
z; = Bit ! (u(w — 0.5))

The soft group quantizer offers several advantages:

tion, i.e., w;; = During train-

(13)

1. The basis vectors (v; and v;) are learnable and data-
dependent, and do not limited to binary one-hot basises
(e; and —e;) used by LFQ. This allow the model to cap-
ture the principle directions of the data distribution.

2. Within each group, a soft quantization strategy is em-
ployed to select the nearest codebook vector, addressing
the issue of gradient mismatching.
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3. The hidden space dimension equal to the that of basis
vectors, which is not constrained to be log,(m) as in
LFQ, elleviating the issue of information bottleneck.

Strategy E: Soft Conditional Quantizer (SoftCVQ, Fi-
nal Version) SoftVQ and SoftGVQ present improve-
ments over VVQ and LFQ, respectively. However, we have
observed a trade-off between high-quality reconstruction
(SoftVQ) and generation (SoftGVQ). While the binary VQ-
IDs of SoftGVQ are beneficial for generation tasks, they per-
form relatively poorer in terms of reconstruction compared
to SoftVQ. To strike a balance between reconstruction and
generation capabilities, we propose a novel approach called
the Soft Conditional Vector Quantizer (SoftCVQ). The in-
sights comes from following obervations:

1. The key to achieving high-quality reconstruction lies in
employing soft attention to query the entire codebook
space, i.e., soft global querying — inspired by SoftVQ.

2. The binary form of VQ-ID facilities generation — in-
spired by SoftGVQ and LFQ.

The proposed SoftCVQ allow attention query over the
whole codebook while keeping binary VQ-IDs. A straight-
forward idea is to use a codebook comprising fixed binary
vectors, i.e., V = {Bit(z,logy(m)) € R°8:20m1m “and
then applies soft attention between latent embedding h and
all the codebook vectors V. However, this approach suffers
from information bottleneck due to the small latent dimen-
sion log, (m). To address this challenge, we introduce a con-
ditional network that projects log, (m)-dimensional binary
vectors of V into d-dimensional vectors:

v; = ConditionNet(Bit(z, log, (m))) (14)

the ConditionNet : R°82(™) — R? is a MLP. If the code-
book size is 2'6, the MLP projects 65536 16-dimension
boolvectors into 65536 d-dimension vectors. Then we apply
soft vector quantization between latent embedding h; and

{v.}™ | to obtain the quantized embedding h;

h; = SoftvQ(h;, {v.}™ ) (15)

During evaluation, when the nearest codebook vector to le
is v,, the corresponding VQ-ID is exactly z, where its binary
VQ-ID vector is Bit(i, log,(m)).

Experiments
We conduct experiments to answer the following questions:
* Reconstruction (Q1): Do the proposed methods outper-
form baselines on reconstruction quality?

* Backbone Inpainting (Q2): How does the learned pro-
tein language perform in the generation task?

» Ablation (Q3): What are the key factors contributing to
the effectiveness of SoftCVQ?

Datasets

cAF2DB for VQ Pretraining We employ cAF2DB, a
clustered version of the AlphaFold Uniprot v3 database,
for VQ pretraining. The original AF2DB contains a large



Method Global Metrics Success Rates Local Metrics
RectT TMScoreT Rec>0.95 TMScore>05 L,.| L.l Lgl maxL,| maxL,] maxLgl
Vanilla 0.9757 0.4224 0.9791 0.1693 0.0966 0.0602 0.0783 2.1790 0.5605 0.3723
LFQ 0.9482 0.4385 0.7534 0.2894 0.1066 0.0701 0.1079 2.2068 0.5856 0.5257
SoftvVQ (our)  0.9713 0.7616 0.9781 0.9530 0.0683 0.0438 00232 1.5647 0 4989 0.1439
SoftGVQ (our) 0.9743 0.5703 0.9875 0.5120 0.0936 0.0616 0.0619 2.0090 0.5655 0.3054
SoftCVQ (our) 0.9880 0.7470 0.9603 0.9498 0.0523 0.0447 0.0284 0.8274 0.5334 0.1646

Table 2: Performance of protein VQ models on CATH4.3 test set. We highlight the best results and suboptimal.

number of structures (214,684,311), which presents compu-
tational challenges. To overcome this, we utilize cAF2DB
(Barrio-Hernandez et al. 2023) consisting of 2.27M struc-
tural clusters. The representative protein structure with the
highest pLDDT score is selected from each cluster, while
structures with lengths below 30 or pLDDT scores lower
than 70 are excluded. This selection process yields a final
set of 1,323,729 proteins for VQ pretraining.

CATHA4.3 for Backbone Inpainting For the task of back-
bone inpainting, we employ CATH4.3. To construct the
train, validation, and test sets, we utilize the CAT code to
randomly partition proteins in a ratio of 95:2:3, ensuring no
overlap in the training, validation, and test sets on the CAT
code. This results in a train set with 30,290 samples, a vali-
dation set with 638 samples, and a test set with 957 samples.
The test set comprising 957 samples is used for evaluating
reconstruction performance. As to the evaluation of back-
bone inpainting, we apply a filtering criterion based on pro-
teins that can be folded by ESMFold. We choose proteins
with an average pLDDT score of 0.9 or higher to obtain the
inpainting test set comprising 117 proteins.

Reconstruction (Q1)

Do the proposed methods outperform baselines on recon-
struction quality?

Setting We conduct fair comparison for different VQ
models by using the same codebook space of 216, code vec-
tor dimension of 32 and the same encoder-decoder architec-
tures. Both the encoder and decoder adopt ESM-35M bert
transformer. The FoldTokenizer is pretrained on cAF2DB
for transforming protein sequence-structure into sequence of
VQ-IDs. The evaluation is conducted on real-word proteins,
i.e., the whole test set of CATH4.3 with size of 957 sam-
ples. With BF16 precision training in DeepSpeed, the model
is trained for 15 epochs using the OneCycle scheduler and
AdamW optimizer. The batch size is set to 128, the learning
rate is 0.0001, and the padding length is 512.

Baselines Currently, no method exists for protein
sequence-structure quantization and reconstruction. We
conduct a comparative analysis of five VQ methods, namely
VVQ (Van Den Oord, Vinyals et al. 2017), LFQ (Mentzer
et al. 2023; Yu et al. 2023), SoftVQ, SoftGVQ, and Soft-
CVQ, all implemented under the same encoder-decoder
architecture. It’s noteworthy that VVQ is the most widely
used method, whereas LFQ stands as the recent SOTA.
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Metrics In evaluating sequence reconstruction, we quan-
tify the recovery rate. The assessment of recovered structure
quality involves both global structure similarity (TMScore)
and local residue reconstruction (recovering loss). For a set
of b proteins with lengths n1, na, ny, We present the average
recovering loss per residue (L,, L, Lg) and maximum re-
covering loss per residue (max L,., max L., max Lg), with
detailed definitions available in the appendix. To aid biosci-
entists in algorithm selection, we introduce the reconstruc-
tion success rate. A reconstruction is deemed successful if
the reconstructed data achieves a minimum of 95% recovery
and 50% TMScore compared to the reference.

We present the reconstruction results in Table.2 and have
Jfollowing findings:

Reconstructing structure poses a non-trivial challenge.
While all VQ methods demonstrate good performance in se-
quence recovery, the vanilla VQ and LFQ models encounter
difficulties in accurately reconstructing protein structure.
Specifically, these models exhibit an average TMScore be-
low 0.5 and a structure success rate of less than 30%.

The key to high-quality reconstruction is soft querying
across the entire codebook space. SoftVQ, SoftCVQ,
and SoftGVQ achieve TMScores above 0.5 and structure
success rates exceeding 50%. It’s worth noting that SoftVQ
and SoftCVQ exhibit superior reconstruction performance
than others, with success rates around 95%. Given this, we
consider them to be reliable protein quantization tools.

FoldTokenizer works well for data compressing. When
considering the storage of the C,, atom, the entire CATH4.3
dataset (2.7GB pdb files) could be compressed to discrete
protein language sentences (18MB) using SoftCVQ.

In Fig.5 in Appendix , we present visual examples of re-
constructed proteins, accompanied by TMScore and recov-
ery rate notations. The proposed methods, including Soft-
GVQ, SoftVQ, and SoftCVQ, demonstrate notable improve-
ments in protein structure reconstruction.

Backbone Inpainting (Q2)

How about applying protein language on generative task?

Setting The inpainting task aims to predicte the masked
fragment of a protein sequence-structure. We transform the
whole CATH4.3 dataset as sequence of VQ-IDs using Fold-
Tokenizer. We partition the dataset into training and testing
sets, ensuring no overlap in CAT codes across proteins. Dur-
ing training, the length of the masked fragment in a pro-
tein of length L is uniformly sampled from U (5, L/3). The



Sequence Design

Structure Design (angle-based)

Structure Design (coordinate-based)

Rec(S,8) 1 T™M(X,X') 1T TM(X,X) T  Rec(S,8) 1 ™(X, X) } Rec(S,8") 1
ESM2 95.3 89.2 FoldingDiff 0.67 235 ProtDiff 0.95 28.4
EvoDiff 93.0 88.7 DiffSDS 0.74 25.6 RFDiffusion 0.99 33.9
FoldGPT 96.2 90.4 FoldGPT 0.80 28.9 Chroma 0.98 345

Table 3: Results of backbone inpainting. The proposed FoldGPT outperforms baselines in both sequence design. Regarding
structure design, FoldGPT demonstrates superior performance compared to angle-based methods.

model contains 15 transformer layers with 480 hidden di-
mension and 20 attention heads. We train the model up to
20k steps using the OneCycle scheduler and AdamW opti-
mizer. The batch size is 128, the learning rate is 0.0005, and
the padding length is 512.

Baselines The sequence inpainting baselines are widely
recognized ESM2 (Lin et al. 2022) and EvoDiff (Alamdari,
Thakkar, and van den Berg 2023). Structure inpainting meth-
ods are classified into angle-based and coordinate-based.
Angle-based baselines include FoldingDiff (Wu et al. 2024)
and DiffSDS (Gao, Tan, and Li 2023a), while coordinate-
based methods are ProtDiff (Trippe et al. 2022) , Chroma
(Ingraham et al. 2023) and RFDiffusion (Watson, Juer-
gens et al. 2023). FoldGPT belongs to the group of angle-
based methods; in the future, we plan to extend it into the
coordinate-based domain. Due to limited energy and com-
puting resources, we utilize the pretrained checkpoints of
baseline models. Consequently, the baselines may be over-
stated, given that the testing data may be part of their train-
ing set, and they (Lin et al. 2022; Alamdari, Thakkar, and
van den Berg 2023; Ingraham et al. 2023; Watson, Juergens
et al. 2023) have utilized more training data.

Metrics Denote S, X' and S , X as the reference and pre-
dicted sequence-structure. We define S — X asa folding
process using ESMFold and X — & inverse folding pros-
ess using modified PiFold (considering only C,, atoms). De-
fine Rec(Sy, S2) and TM(AX], Xs) as sequence recovery and
structure TMScore. We report Rec(S,S) and TM(X, X')
for sequence inpainting. Similarly, we consider Rec(S, S”)

and TM(X, X) for structure inpainting.
Refer to results on Table.3, we provide following insights:

FoldGPT excels in sequence inpainting compared to
baselines. Despite using less training data than ESM2
and EvoDiff, FoldGPT achieves superior recovery and self-
consistent TMScore. This highlights the effectiveness of the
GPT-style generative model with learned protein language,
outperforming MLM-style and diffusion-style approaches.

FoldGPT outperforms other angle-based methods. In
structure inpainting, FoldGPT demonstrates significant im-
provement compared to FoldingDiff and DiffSDS. These re-
sults underscore the effectiveness of utilizing protein lan-
guage for generative tasks with the same data representation.

Coordinate-based representation is superior to angle-
based. Angle-based structure representation poses the risk
of error accumulation, where atoms are added sequentially
to the backbone using folding angles, making it challenging
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to consider pair-wise residue interactions. In light of this, we
plan to extend FoldToken as a coordinate-based method.

Binary VQ-ID is crucial for convergence. Using the lan-
guage learned by SoftVQ with a class space of 216 resulted
in training crashes, regardless of learning rate adjustments
(Ir € {le — 5,5e — 5,5e — 4}). However, leveraging the
binary VQ-ID learned by SoftCVQ, which decomposes the
large class space into 16 binary subspaces and transforms
the problem into 16 binary classifications, led to a success-
ful and smooth convergence of the model.

While innovative, there is room for improvement in
FoldGPT. To our knowledge, FoldGPT stands as the
first GPT-style model for sequence-structure co-generation.
However, the current angle-based structure representation
hinders the consideration of protein complexes and the in-
tricate 3D residue interactions, thereby limiting its potential
to boarder applications. We plan to address these issues in
the next version of FoldGPT.

Ablation (Q3)

We investigate the impact of the number of MLP layers
(#MLP), the dimension of the codebook vector (#Dim), and
spherical normalization (sphere) of latent embeddings re-
garding the reconstruction performance. Table 4 demon-
strates that appropriately increasing #MLP and #CodeDim
enhances performance. We highlight the significance of
spherical normalization in achieving optimal results.

ID (w sphere)  Config Global Metrics Success Rates
#MLP-#Dim Rec T TMScore T Rec > 0.95 TMScore > 0.5
SCQ-1 (X) 2-16 0.9801 0.5853 0.8997 0.7638
SCQ-2 (V) 2-16 0.9879  0.6451 0.9572 0.8892
SCQ-3 (X) 2-32 0.9965 0.4285 0.9937 0.2184
SCQ-4 (V) 2-32 0.9896  0.6959 0.9561 0.9216
SCQ-5 (X) 3-32 0.9875 0.5867 0.9457 0.7367
SCQ-6 (V) 3-32 0.9862  0.6697 0.9467 0.9028
SCQ-7 (V') 6-32 0.9880 0.7470 0.9603 0.9498
SCQ-8 (V) 9-32 0.9875 0.7015 0.9551 0.9101

Table 4: Ablation of SoftCVQ on CATH4.3 test set.

Conclusion

This paper presents a framework for learning a discrete
protein language that describes sequence and structure si-
multaneously. We apply this learned language to generative
tasks, constructing the first GPT-style model for sequence-
structure co-generation and demonstrating promising out-
comes. We believe that our work could pave the way for new
paradigms in protein representation and generation.
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