Supplementary Information (SI) for Chemical Science.
This journal is © The Royal Society of Chemistry 2025

Supplementary Materials for

Unifying Sequence-Structure Coding for Advanced Protein Engineering via a
Multimodal Diffusion Transformer

Xiaohan Lin et al.

*Corresponding author. Email: fengsh@cpl.ac.cn; jzhang@cpl.ac.cn; gaoyq@pku.edu.cn

This PDF file includes:
Supplementary Text
Figs. S1 to S13

Tables S1

References (1 to 55)



Supplementary Text
Pitfalls behind Transform Representation of Protein 3D Structures

After transforming the spatial coordinates of metastable structures into SE(3)-invariant
(continuous or discrete) representations like ProTokens, one may apply them for downstream tasks
related to protein structures. However, we reveal that high risk exists if the transformed
representations are not optimized or implemented with caveats, and summarize several potential
pitfalls of learning and applying a transformed representation. Awareness of these issues are
reflected in the specifically designed model components and training objectives which will be
elaborated in the following sections.

A. The space of the transformed representation should be compact.

Taking ProTokens of a Vres-long protein as example, the real-valued token embeddings take the
d). If d>» 3N

shape of (Nres N

atom (where
diffusion in the transformed embedding space will be less efficient (both in terms of data and
training) than spatial diffusion approaches like RFDiffusion and AlphaFold3(/, 2), provided that

the likelihood of the model decays exponentially with the dimensionality of the representation.

atom stands for the average number of atoms per residue),

Besides, the number of all possible combinations of ProTokens grows combinatorially with respect
to the vocabulary size K. Since the number of foldable protein structures (as well as functionally

N
relevant metastable states) is unlikely to exceed 20 ", the reasonable number of tokens used
during training should lie in the range between tens to a few hundreds.

To extract compact ProTokens, we design a Compressing module in the ProToken Distiller to
properly compress the ProToken embeddings lengthwise or depth-wise. Besides, we derive a
variational information bottleneck (VIB)(3) to quantify the necessity of ProTokens , and the
vocabulary size K is optimized with respect to the VIB loss by variational clustering during
training (Eq. S4.6).

B. The transformed representation should be robust against intrinsic structure fluctuations.

In terms of protein physics, fluctuations are intrinsic to metastable protein structures, which may
cause subtle structure changes but do not alter the function. One particular concern of a learned
structural representation is that the robustness of the yielded embeddings and tokens against subtle
structure perturbation may not be guaranteed (fig. S1), while the susceptibility to intrinsic
fluctuations will be harmful to downstream tasks such as function predictions.

To alleviate this issue, we introduce adversarial examples by adding physics-informed fluctuations
to any input structure, and adversarially train the model to behave robustly to the adversarial
attacks. Besides, we also train a Deduplicator module to relax fluctuated structures within a
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metastable ensemble towards a single stable representative structure, and collapse the embeddings
of the fluctuated structures.

C. Existence vs. uniqueness: The degeneracy of transformed representation should be addressed.

Noteworthy, the uniqueness of a learned ProToken corresponding to a certain structure X cannot
be guaranteed through data-driven training. Duplicate or degenerate ProTokens may exist that can
be decoded to (almost) the same structure (fig. S1). Degeneracy is particularly poisonous when
ProTokens are used for maximum likelihood estimation (MLE) of protein structures by generative
models such as auto-regressive and diffusion models. To be more specific, after transforming the
representation of protein structure X to ProToken Z, which can be detokenized back via a decoder
*=94(2)_ the (log-)likelihood of the structure ¥ should be computed in the following way as in
latent generative models(4, J5),

log p(x) = log f p(2)p4(x|2)dz = log Z P(z)#(S1.1)
ziEZ(x;¢)

where Ps(12) =8(94(2)%) i5 defined as “duplicate distribution”, which consists of all ProTokens
{Z} that can be decoded back to * through the decoder. Since Z is discrete, integration of
Ps(X12P(2) gyer z is equivalent to the summation of © (2) over a finite and countable duplicate set

Z(x;9).

Since we barely have information about Z(x;9) a priori, the exact likelihood in Eq. S1.1 is hard to
compute in practice. To address this issue, we derive computationally efficient lower bounds (Eq.
S3.7 & Eq. S3.10) for the likelihood and develop a Duplicator module to explore and expand the
duplicate set to reduce the bias and variance for likelihood estimation.

Probabilistic Tokenization Theory of Protein 3D Structure

Although the structure of a protein can be continuously changed in the Cartesian coordinate space,
the set of its metastable states are countable, hence, can be well-defined discretely according to the
landscape theory(6, 7). Specifically, the definition of metastable states depends on the observation
timescale “obs: A metastable state can be only defined if “rix < Tobs < Tiife. According to the landscape
theory, the smaller obs is, the larger amount of metastable states can be defined (fig. S12). In a
limit case, when "obs is comparable to the (un-)folding timescale (*fold) of a protein, most proteins
are known to exhibit a two-state kinetics between the folded and unfolded states, hence, the only
folded metastable state can be well defined by the amino-acid sequence of the protein.

Thanks to the metastability, a continuous distribution of function-related protein structures can
now be reasonably factored into discrete and continuous parts,

fp(x)dx = fp(x | z)p(z)dzdx = fp(e | z(x))p(z)dzde#(S2.1)



where the discrete part Z stands for the metastable state, P(2) is a discrete distribution specifying
the number of metastable states which x~P(*) consists of, and the continuous part (€| 2(x)) covers
the intrinsic structure fluctuations within this metastable state. The first equation holds because Z
is a deterministic function of .

Equation S2.1 is the foundation of our probabilistic tokenization theory for protein structures. It
justifies that a discrete prior (denoting the metastable states) for continuous protein structures is
reasonable. It also implies that, if the metastable states are few (given a large Pobs), € should account
for large and complicated variations within each state. On the contrary, if the metastable states are
defined at a small timescale, € is only responsible to very subtle structural variations within each
state, but the number of Z could quickly explode. Put it in other words, there is a trade-off between
the compactness of Z (i.e., the number of defined metastable states) and the informativeness of Z
(i.e., the residual intra-state variation that has to be explained by €).

Inspired by the lattice model for proteins(8), it is plausible that the number of metastable states
grow with the length of proteins, so we can assign a finite number of discrete states to each residue
(namely, tokens), and the combination of these residue-wise tokens, define the overall state of the
protein. From this perspective, amino acids can be considered a type of token, as Anfinsen’s dogma
states that protein structures can fold from their corresponding sequences. Thus, we refer to amino
acids as “Anfinsen’s tokens”. Anfinsen’s tokens are probabilistic in nature because they do not
correspond to a single snapshot of protein 3D structure, but to all the folded structures with
Tobs ¥ Tfold according to the Anfinsen’s hypothesis. However, Anfinsen’s tokens are extremely
compact (with a small vocabulary size of only 20), thus, leaving the intrastate variations large and
hard to estimate. That explains why conformational prediction based on amino acids is a
tremendously challenging task. Due to the absence of an effective detokenization algorithm
(although significant advance has been made since AlphaFold) which can trustworthily map back
amino acids to the folded conformations of the protein, they are often not regarded as a 3D
representation for protein structures.

Compared to amino acids (Anfinsen’s tokens), tokenizing metastable states at finer timescale

Tobs < Tfold has several compelling advantages: i) more detailed changes in structures corresponding
to functional switch can be described including alternative conformations; ii) tokens can strike
good balance between being compact and being informative; iii) a more efficient detokenizer can
be obtained to map back to the tokens. Conceptually, given a protein 3D structure ¥, we tokenize

X
the metastable structure ensemble Wrer

obs associated with X into probabilistic, amino acid-like
tokens (ProTokens), which can be detokenized back to conformations from the corresponding

metastable state.

Algorithm Derived from the Probabilistic Tokenization Theory

A. Model Overview

Tokenizing metastable states associated with a given protein structure can be cast as a conditional
generative learning problem as in invertible coarse graining(9). We design a deep neural network
system, ProToken Distiller, to achieve this goal (fig. S13a).



1. Probabilistic conditional decoder

Specifically, we aim at constructing a metastable conformational distribution Ps(X) and sampling
from it according to a structure ¥, which can be achieved through a probabilistic conditional
Decoder 9¢ using the reparameterization trick as in VAE(Z0) or GAN(11),

x~p¢(x); p(p(x)dx = g¢(e,z(x))de#(53.1)

where € is random noise from a known prior like Gaussian distribution, and 2(*) is the embedding
of a tokenized * provided as the conditional information to the Decoder. According to the
probabilistic tokenization theory (Eq. S2.1), the ProToken Z specifies the identity of the metastable
state, whereas € accounts for the conformational fluctuations within the state.

The Decoder is a composite function consisting of a Token Duplicator module and a Detokenizer
module: The Token Duplicator is responsible to expand and sample from the duplicate set in Eq.
S1.1, whereas the Detokenizer module is a SE(3)-equivariant generative model which samples
protein structures from a metastable ensemble corresponding to a given ProToken string.

The conditional embedding ™) =R °fo() is obtained via a composite of Encoder f6 and

h

Tokenizer o, which transforms the all-atom protein 3D structure ¥ into SE3-invariant embeddings

of discrete tokens.

2. SE(3)-invariant encoder

The Encoder 1o comprises an SE(3)-invariant Structure Encoder module, and a Deduplicator
module (fig. S13c). As explained, the Deduplicator module is introduced to improve the
robustness of the yielded embeddings against intrinsic structure fluctuations. Given the separation
of timescales of backbone and sidechain motions, the sidechain and backbone structures are
encoded separately,

fo(0) = fo(xppxsc) = fel(xBB) ® fez(xsc)#(53'2)

where *88¥sc denote the backbone and sidechain structures, respectively; and ® denotes Cartesian

product (i.e., concatenation of tensors). The resulting Fo®) is a continuous SE(3)-invariant
embedding for the protein structure.

Considering that metastable structure ensembles can be reasonably represented by discrete tokens,

h

we prepend a Tokenizer ¢ to the Encoder in order to variationally cluster (or discretize) Fo(¥) into

quantized ProTokens.

3. Variational tokenizer



The Tokenizer "0 =70°So discretizes the structural embeddings 6 into ProTokens z(¥) (fig.

S13d), consisting of a composition of a Clustering module *¢ and a Compressing module "¢. The
Clustering module aggregates the continuous embedding learned by the Encoder into K clusters
(i.e., “codes” or “tokens”), and each cluster is assigned with a d-dimensional vector as the cluster
center (or token embedding). Since the backbone and sidechain embeddings are obtained through
two independent tracks, the Clustering module also operates separately for backbone and sidechain
embeddings,

Zpp = 591(1733)5 Zsc = Sez(vsc)#(53-3)

“pp?sc denote the backbone and sidechain tokens, respectively. The ProToken for all-atom

structure is then assembled by Cartesian product ?= 788 ® Zsc. Each ProToken has dual
representations which are mutually mappable: one corresponds to the discrete cluster index, the
other is the embedding of the cluster center which lies in a continuous vector space.

To make the clustering procedure end-to-end differentiable, we approximate the gradient flow with
straight-through estimators(/2, /3) for backbone tokenization.

Noteworthy, there is a fundamental difference between the Clustering module and common VQ
models such as VQ-VAE(/4) or VQ-GAN(/5): The clustering is performed variationally, that is,
the number of alive codes should be as small as possible in order to tighten the variational
information bottleneck, which contrasts sharply to state-of-the-art VQ training where a high usage
of codes is usually preferred(/6, 17).

B. Decoder

The Decoder is a composite function consisting of a Token Duplicator module and a Detokenizer
module.

1. Detokenizer

The Detokenizer module is a SE(3)-equivariant generative model which samples protein structures
from a metastable ensemble corresponding to a given ProToken string. More specifically, the all-

atom structures are generated in a factorized way by a backbone detokenizer 991 and a sidechain

detokenizer g¢2, respectively,
x~p¢(xBB’xSC) = p¢1(xBB)p¢2(x5C | xBB)#(S34)
p¢1(xBB)deB = g¢1(€;ZBB))de#(53.5)

p¢2(xsc|x33)dxsc = 9¢2(€:ZSC.xBB)de#(S3.6)



where the backbone structure is first generated according to the Py(*58) conditioned on the
backbone tokens 85, followed by the generation of sidechains from p(*scl*s5) conditioned on the
backbone structure *88 as well as the sidechain tokens #sc.

Noteworthy, any unconditional backbone generative model (such as RFDiffusion(/)) can be
adopted as an initializer for the backbone detokenizer further optimized through conditional fine-
tuning. Similarly, any generative sidechain packer can be directly plugged-in (or fine-tuned) as the
sidechain detokenizer. We implemented DLPacker(/8) in this work and did not fine-tune it.

2. Token Duplicator

The duplicate set defined in Eq. S1.1 depends both on the volume of the ProToken space and the
over-capacity of Decoder. The duplicate set associated with a less compact ProToken space, or a
less invertible Decoder, intuitively tends to be larger, which is harmful to protein structure
generation tasks as will be shown later.

Although the exact likelihood (Eq. S1.1) is hard to compute in practice, fortunately, we can
develop proper lower bounds that can be conveniently used for maximum likelihood estimation of
X through the transformed representation Z.

The first lower bound (Ll) can be derived via the truncation trick. Given a (truncated) subset
Z(x) S Z(x;9),

log p(x) = log Z p(z;) = log Z p(z)=L,(Z(x))#(53.7)
z€ Z(x;$) 72 €Z(x)

L1 exhibits an important property that,
If Z,(x) 2 Z1(x), then Ly(Z,(x)) = Ly(Z,(x))#(S3.8)

Z,(0) ~Z1()_ have zero probability density in

The equality holds if elements in the difference set,
total. L1 is still inconvenient to compute in practice because the summation of probability is prior
to logrithm. Thus, we further develop another lower bound (LZ) based on 1 according to Jensen’s

inequality,

Y, plz) Y, logp(z)

Z
+log |Z(x)| = ALilC)

L.(Z =log——— e
() =l o) Z()|

+ log |Z(x)|#(S3.9)

logp(x) =L (Z(x)) = Ez~;)(zlx'¢)log p(2) + log |Z(x)|==L,(Z(x))#(53.10)

Different from L1, Eq. S3.8 allows us to perform minibatch optimization by unbiasedly sampling
from a Z(x) during training. Similarly, it also follows straightforwardly from Eq. S3.8 that the

larger [Z(®)| is, the tighter the lower bound La s, indicating the importance of expanding the subset
Z(x).



The remaining issue is how to construct and sample from the duplicate (sub-)set. A naive approach
is to approximate the duplicate set by a singleton set, i.e., Z) ={f H(X)}, which leads to a
suboptimal truncation for L1, Or one can determistically set * = f6(¥) and estimate the expectation
term in L2, which leads to a highly biased and high-variance one-sample Monte Carlo estimator.

To circumvent these drawbacks, a Token Duplicator module, ap(21%94) i prepended to the
Detokenizer, which is responsible to expand and sample from the duplicate subset Z(x). In general,
any conditional generative model which yields diverse ProTokens which can be decoded back to

% via the Decoder can be used as 96(Z1%94).

In this work, given a structure ¥, we initialize the duplicate set with {z=71 G(X)}, and implement a
sampling-based, Monte-Carlo-style Token Duplicator to expanding the duplicate set. We
randomly mutate the residue-wise backbone tokens in Z according to the similarity matrix of token
embeddings, yielding a perturbed Z'. We accept the proposed mutation Z° with a probability
proportional to the reconstruction quality of 9 (Z) , based on which the next residue-wise mutation
is performed. If 9¢(Z) is sufficiently close to * (defined as TM-score(*, 96(2)) > 0.9), we add it to
the duplicate set.

During generative training of protein structures * via ProTokens Z, we first resort to the Token
Duplicator and construct a sufficiently large duplicate subset Z(x). The L1 or L2 is then optimized
based on Z(x) in order to perform maximum likelihood estimation of *. This approach is similar to
data (or label) augmentation which plays key role in many state-of-the-art generative Al models.

C. Encoder

1. Structure Encoder
Considering the separation of timescales, we encode the sidechain and backbone structures

separately. As for the backbone structure encoder fel(xB B ), an SE(3)-invariant Transformer based
on invariant point attention(/9), is designed to transform the Cartesian coordinates of the N, CA,
C, O atoms of each residue to a SE(3)-invariant vector. The model is composed of an SE(3)-
invariant HyperFormer(20) and a structure-aware Transformer. Specifically, the HyperFormer
treats residues and inter-residue geometries as vertices and edges of a graph, respectively. Like
EvoFormer in AlphaFold2, HyperFormer updates both the vertex and edge representations
interdependently via hyper-attention mechanism. Based on the refined vertex (or single) and edge
(or pair) representations output by HyperFormer, invariant point attention introduced in
AlphaFold2 is adopted in the structure-aware Transformer, in order to efficiently learn the global
geometric features (especially, long-range interactions) of a protein backbone.

On the other hand, since the equilibration of sidechain conformations is much faster than the
backbone, all relaxed conformations of a sidechain (e.g., according to Boltzmann distribution) in
the context of a given backbone can be considered as a single metastable state and reasonably
embedded by a single vector which can distinguish the chemical identity of the sidechain fragment.



Therefore, we transact the amino acid embedding learned by AF2 as the sidechain structure

f az(xsc)

encoder without further optimization.

The embedding of an all-atom structure is obtained via the Cartesian product operation, that is, by
concatenating the backbone embedding and sidechain embedding.

2. Deduplicator

Note that our choice of sidechain encoding is naturally invariant to perturbations of sidechain
conformations. However, unlike the sidechain structure encoder, one particular concern of a
learned backbone structure encoder is that the robustness of the yielded codes against subtle
structure perturbation is not guaranteed. To alleviate this issue, we append a Deduplicator o to
the backbone structure encoder (fig. S13c), which is trained to surjectively map structures which
belong to the same metastable states (or merely differ mutually up to negligible perturbations) to
almost the same embedding,

Uy © fo, (Xps) ~ Uy © fo (Xps + Bxpp)#(S3.11)

where %85 denotes the structural fluctuation within a metastable state. In terms of physics, the
Deduplicator behaves like a “relaxation simulator” which relaxes fluctuated structures within a
metastable ensemble towards a single stable representative structure, and consequently,
degenerates the embeddings for fluctuated structures.

D. Tokenizer

The Tokenizer is a composition of a Clustering module 56 (which has been elaborated at length in
the main text), and a Compressing module "¢.

1. Compressing Module

The ProToken of all-atom structure is obtained via % = %88 @ Zsc, that is, the Cartesian product of
the backbone token set and the sidechain token set. The continous ProToken embedding is
equivalent to concatenating the the backbone embedding and sidechain embedding together, which

has the shape of (Nyeod = dpp + dsc) for o N res-long protein.

N

Note that without processing, gp and %sc are usually large such that > 3N oom where Natom stands

for the average number of atoms per residue. For instance, in our model, dpp =32 during training
and 9sc =256 jp consistency with AF2. Despite of being SE(3)-invariant, the dimensionality of
such a representation is still much too higher than the intrinsic degrees of freedoms of a protein
(which is upper bounded by the number of Cartesian coordinates of its structure).

: . ro(v): Rires” e . . .
Therefore, we include a Compressing module " 64"/ to concentrating the information

of ProToken by lowering its dimensionality. The compression can be performed lengthwise and
(or) depth-wise. As shown in fig. S13d, for the lengthwise compression, we transformed a

(N

ProToken string of shape res'd) into (Q.d), with Q being a predefined number independent of and
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usaually smaller than the average Vres. In this research, we performed the depth-wise compression,

(v Ul

which reduces the shape of res) into (Nres€ < d), and we achieved this goal by means of

dimensionality reduction methods(27).

Training of ProToken and PT-DiT

A. ProToken

Overall, the ProToken Distiller (94, and f 9°h9) is optimized towards the following coupled
objectives:

i) minimizing the divergence between Po™) and Po();

ii) maximizing the mutual information between ProTokens Z and 9 o(62()) | while minimizing
the mutual information between ProTokens Z and the input structure ;

111) minimizing the divergence between fo(¥) and the encoding of the adversarial example
fo(x).
Intuitively, the first objective ensures the sufficiency of ProTokens as a transformed representation
of metastable protein structures. The second objective guarantees the necessity and non-
redundancy of the transformed representation. The last objective improves the robustness of
ProTokens against intrinsic structural fluctuations. Technically, these objectives can be achieved
by minimizing an InfoGAN loss(22) regularized by variational information bottleneck(3) and
adversarial training(23). As a result, the final loss function Lep for the ProToken Distiller to be
minimized is a linear combination of the sufficiency loss Lou, necessity loss Lnec, and robustness
loss Lrob with a reasonable set of hyperparameters,

Lpp(60,9) = Lsuf(9,¢) + L,..(6,9) + L,,,(0)#(54.1)

1. Data preparation

In order to train the probabilistic Decoder, given each structure sample *» from the training set,
data augmentation is performed by means of metastable perturbation sampling, yielding a structure
ensemble {¥%n} representing conformers from the same metastable state associated with *b.

Samples from {5%p} are used to compute the generative loss defined in Louy,

Furthermore, we construct adversarial examples * € {rixp} against *D by setting a similarity cutoff

TM-score(x 'xD) > 0.9 These examples are provided to the model for the calculation of Lyop,

We note that both metastable conformers and adversarial examples can be prepared offline prior
to the training, thus, incurring no extra overhead for training. Particularly, after the training
proceeds, the adversarial examples can also be constructed online where the Decoder itself can
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serve as a perturbative sampler of an input *». We will show that using these decoded structures

as adversarial examples is indeed equivalent to the mutual information loss in Lnee,

2. Sufficiency
For the first objective, we adopt a loss function inspired by conditional GAN(24), which guides

the Decoder to generate structures from the metastable states associate to an input structure *p,

Leun(6.9) =- EXDND[E )’ED(g¢(e,z)||{x;xD}})]#(S4.2)

2~py(7lxp
Po(2lxp) = hg o fo(xp)

where D(-) is the critic measuring the divergence between two distributions; Z is the token
embedding (i.e., the identity of the metastable state) for *» yielded by the Encoder and Tokenizer,

and Pe(21%p) depends on the code search algorithm during variational clustering (we adopt the
nearest-code search(/4) by default). € represents random noises which are used to model the
intrinsic structural fluctuations within the metastable state.

We repurpose the structure module of AF2 with the dropout trick(25) for 9 ¢>(E'Z), where € denotes
the random dropout mask, allowing the SE(3)-equivariant structure module of AF2 to generate
different structures conditioned on the same token Z. Noteworthy, other unconditional generative
models for protein backbone structures(/) can also be adopted and conditionally fine-tuned.

To optimize this GAN objective, we implement maximum-mean discrepancy (MMD) as the critic
D(-)(26), a non-parametric integral divergence metric between two distributions, which is known
to stabilize and simplify the training of GANs(26). The similarity kernel required by MMD is
defined via frame aligned point error (FAPE)(/9), a Fréchet-like distance metric(27) for protein
3D structures.

In order to differentiate through the Clustering module ho in Tokenizer, we approximate the
gradient flow of backbone tokens via the straight-through (ST) estimator(/2, /3), and implement

a commitment loss to reduce the errors of ST estimator,

Lgr(zp2,) = (1 - Bsr)llz. - stop_grad(zq)”% + Bsrllz, - stop_grad(z,)||5#(54.3)
where “e “q represent vectors before and after quantization respectively. The final sufficiency loss

for ProToken Distiller takes the following form,
Loyr = Loy + ALy #(S4.4)

3. Necessity

We perform variational clustering in the Tokenizer according to a VIB objective. Specifically, the
training objective of ProToken Distiller can be recast in terms of VIB theory(3),
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Lyp = E,[ - logps(x|2) + KL[py(z|%)||p(2)]]#(54.5)

In VIB, Po™*12) is known as the prediction or reconstruction model (i.e., the Decoder), whereas
Po(#1%) ig the inference model (i.e., the Encoder). By appending a Tokenizer to the Encoder, the
prior P(2) and posterior Po(Z%) become discrete, the VIB in Eq. S4.5 simplifies to,

Lyjp=E,[-logpy(x|z) + log K|#(54.6)

where K is the vocabulary size. Therefore, to minimize Lvis is equivalent to gradually pruning the
backbone token vocabulary and minimizing K, which is achieved by re-clustering the embeddings
into a smaller number of clusters during training(28).

Furthermore, to prevent the ignorance of conditional information (i.e., the ProTokens) by the
generative Decoder, we also include a mutual information regularizer similar to InfoGAN(22),
except that the auxiliary posterior estimator in InfoGAN is replaced by the conditional Encoder.
This adaptation leads to a self-consistency term in the loss function,

Lu(0.9) == E, _ D[E (e [09 Poz5) - H(pe(z|35))]#(54.7)

2~pg(zlxp

where the entropy term H(po(21%)) is similar to the entropy regularization introduced in VQ

training(29). The final necessity loss for ProToken Distiller takes the following form,

Lyge = ALy (6,0) + log K#(54.8)

4. Robustness

To help ProToken Distiller be better immune to adversarial attacks (i.e., structural fluctuations
within a metastable state), we reuse the perturbative sampling data and present them as adversarial

samples ¥ € {%%p} to the Encoder for each *», and apply an adversarial training loss for the Encoder,

Lpop(®) =— A,E log p(2plx) ]#(54.9)

, E
xp~Dx ~{x;XD}[ ZD~p9(Z|xD)

5. Training settings

ProToken Distiller is trained with a batch size of 288. The learning rate is set to Se-4 with a cosine
decay down to 2e-5 after 80,000 steps. The training is executed on 48 NVIDIA A100 GPUs.

The training is split into two stages. For the first 100,000 steps, we implemented the robustness
loss Lros in Eq. S4.9, with a prepared set of adversarial examples but turned off the mutual
information loss M in Eq. S4.7. For the remaining 100,000 steps, we switched off the robustness
loss, instead, MI loss was turned on.
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6. Metastable Perturbation Sampling (MPS)

To sample more metastable conformations of a 3D structure *o associated with the same function,
we performed metastable perturbation sampling according to the given 3D structure and yield {x}.
Specifically, we recommend several options that can serve for MPS: 1) resorting to a MD
simulation engine and running temporal proximal sampling(30); 2) resorting to Al-based sampler
which can yield perturbed conformations like AF-Cluster(25); 3) self-distillation of a pre-trained
probabilistic ProToken distiller. In this research, we implemented the first two strategies to obtain
perturbed metastable conformations corresponding to a given reference 3D structure.

B. ProToken Diffusion Transformer (PT-DiT)

To prepare the training data of PT-DiT, we first performed Encoder inference for the training set
of protein structures, yielding a basic set of ProTokens containing 551957 ProToken samples.

In order to counteract the biased estimation of likelihood of the latent diffusion model, we
augmented the basic ProToken set with the duplicate set obtained by the Token Duplicator.
Through experiments, we found empirically that augmentation of latent duplicates is vital for the
success of training PT-DiT.

The generation quality of PT-DiT can be susceptible to errors that cause “token switch”, so we
introduced anisotropic diffusion kernel(37) for the variance-preserving diffusion process, in order
to better align with the objective of the latent diffusion model

We trained PT-DiT with a batch size of 256, learning rate of 2e-4 for 1,000,000 steps, on 8
NVIDIA A100 GPUs.

Data Details

A. ProToken Training Dataset

Based on single-chain protein structures obtained from the RCSB Protein Data Bank (PDB)
released before October 13, 2021, we performed data cleaning and filtering. We retained chains
without structural gaps, excluded structures shorter than 30 residues, and omitted those derived
from NMR experiments due to potential metastability issues. Ultimately, 551957 single-chain
protein structures were used as training data. The list of PDB IDs and chain IDs is publicly
accessible in the Open Science Framework (OSF) repository!®. These PDB structures are
accessible from the RCSB website (www.rcsb.org) using the corresponding PDB and chain IDs.
Based on the training dataset, we further do data augmentation using the standard AlphaFold2
pipeline. The ground true structure is used as the template and no MSA is used. Dropout is used
in the whole inference process and thus the result structure is more or less different from the
original structure. we use this structure as the perturbed structure for further training and BLOSUM
counting.

B. ProToken Reconstruction Validation Dataset
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1. RCSB single chain dataset

We used the dataset curated by the PSP dataset(32) for validation of single chain reconstruction
task. It includes two main parts: the CASP14 dataset and a new validation dataset. The new dataset
was curated from two source of public data. One is CAMEO targets from October 16, 2021, to
February 12, 2022, and another is new single clusters from the PDB with 40% identity between
October 13, 2021, and March 15, 2022.

Thus, the validation dataset is unique and diverse compared to the training set. We filtered out
samples shorter than 1536 residues for easier validation. In total, we have 513 non-overlapping
samples. All ground truth structures were released after October 13, 2021, which is after all the
training samples. This prevents any data leak during validation and testing. The validation dataset
is provided in the OSF data repository.

2. CASP14 single chain dataset

To clearly measure the performance of ProToken Distiller on the widely recognized CASP14
dataset, we included all 87 single-domain regular targets with ground truth structures in CASP14
to form this dataset, even though this dataset is part of the earlier validation set. The CASP14
single-domain structures are available in the OSF repository!.

3. CASP15 single chain dataset

All regular targets in CASP15 with ground truth structures are used to form this dataset, which
results in 45 single domain protein structures. the CASP15 single domain dataset is available in
the OSF repository!®.

4. AFDB dark cluster dataset

Foldseek has identified 711,705 dark clusters, which are likely enriched with novel structures(33).
To ensure structural quality, we followed Foldseek data processing flow and selected 33,842
clusters with the highest average AlphaFold2 prediction confidence (average pIDDT >90). From
each cluster, we chose the member with the highest confidence for further investigation, similar to
Foldseek. The structures in this dark cluster dataset can be downloaded from the AlphaFoldDB
website (https://alphafold.ebi.ac.uk/), and the name list is available at (https://afdb-
cluster.steineggerlab.workers.dev/).

5. CASP14 and CASP15 multi-domain dataset

CASP14 and CASP15 have provided "Domain Definitions" on their official website, which are
used for multi-domain structure prediction tasks. Following the curation approach of
DeepAssembly(34), we formed a total of 30 multi-domain targets: 17 from CASP14 and 13 from
CASPI5. These targets were used to evaluate the reconstruction ability for multi-domain protein
structures. The 30 multi-domain structures are available at the OSF repository!®.

6. Multimer dataset

Datasets for the test of multi-chain protein reconstruction task were curated from AF2Complex
benchmark sets(35), specifically Dimer1193 and Oligomer562. Since no multimer structures were
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used during the training of ProToken Distiller, all multimer cases in these two sets were reserved
for benchmarking the multimer reconstruction task.

7. PDBFlex conformation dataset

The PDBFlex database has organized structure clusters with similar sequences but significant
structural differences(36). To assess ProToken's ability to distinguish and reconstruct various
metastable states, we followed the database's definitions of Local RMSD and categorized the
clusters into bins based on Local RMSD ranges of 2-4A, 4-8A, 8-16A, 16-32A, and 32-64A. From
each bin, we selected 10 clusters, totaling 50 structure clusters. From each cluster, we chose the
pair of structures with the highest backbone RMSD, creating a final dataset of 100 structures. This
dataset serves as the test set for the multi-conformation reconstruction task and all structures are
available at the OSF repository!©.

8. APObind Pocket-Ligand Dataset

Based on the APObind ligand unbound protein conformations(37), we curated 229 apo structures
aligned with their corresponding /olo protein-ligand structures. In total, 458 proteins were used
for the pocket reconstruction test. The pocket is defined according to the AF3 methodology,
encompassing all heavy atoms within 10 A of any heavy atom of the ligand. The backbone of a
residue includes the ‘N’, ‘C’, ‘CA’, and ‘O’ atoms. The pocket backbone RMSD was calculated
after aligning all backbone atoms of the apo-holo conformer pairs using Biopython and Numpy in
Python scripts. The pocket residue indexes, apo-holo protein structure pairs together with the
ligand structures are available at the OSF repository!®.

9. Antibody CDR dataset

Following the DeepAb test set(38), we used 92 antibody cases from the RosettaAntibody
benchmark set (47 targets) and a set of clinical-stage therapeutic antibodies (45 targets) to form
the antibody CDR dataset. We cleaned and annotated these protein complexes, resulting in a total
of 238 single-chain structures. The Chothia CDR loop definitions were used to measure RMSD
throughout this work. All the single-chain structures, FASTAs and annotations are available at the
OSF repository!'®.

C. PT-DiT Training Dataset

We randomly utilized 550957 ProToken sequences of the structures and corresponding amino acid
sequences from the ProToken Distiller training set for PT-DiT training and the rest 1,000 data
points serve as the validation set. The name lists for both the training and validation sets are
available at the OSF repository!©.

Additional validation experiments of ProToken

A. ProTokens generalize to the dark protein universe, disconnected domain assemblies and
multimers
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The test set in the above experiment consists exclusively of structures from experiments, which
may be subjected to human biases. Because ProTokens are trained solely on experimental
structures, it is possible that such biases are inherited. Based on an Al-predicted protein structure
dataset (AFDB)(39), previous research reveals that there is a large volume of unexplored dark
space of the protein universe(40). Therefore, we extract high-confidence structures from the AFDB
dark cluster dataset and interrogate ProTokens’ capability of reconstructing these out-of-
distribution (OOD) folds. Fig. S13a shows that these OOD single-chain structures can be
represented by ProTokens as well, and the reconstruction quality shows no significant difference
from that of the experimental targets statistically. This experiment demonstrates that ProTokens
are generalizable for tertiary structural patterns.

Next, we wonder whether ProTokens are able to capture quaternary structural patterns, despite the
fact that no such examples were presented during training. Considering that multi-domain proteins
are often regarded as transitioning from tertiary to quaternary structures, we first collect several
samples containing multi-domain chains from CASP14 and CASP15 test sets. These single chains
are manually chopped into annotated domains according to the official definition, yielding a set of
disconnected multi-domain assemblies which resemble protein complexes. Noteworthy, the
training set of ProTokens merely contains single-chain structures without discontinuity (i.e.,
without structural gaps), so these multi-domain assemblies are also OOD examples. Nevertheless,
we allow ProTokens to treat them by manually setting a residue index gap between domains during
inference. We surprisingly find that ProTokens can reconstruct the assembled structures
reasonably well (fig. S2d) when the inter-domain contacts are not sparse.

Based on this encouraging result, we further test ProTokens over real-world protein complexes,
including homomers and heteromers. The overall performance is satisfying in that both the single-
chain and the complex structure can be well reconstructed (fig. S2e). This result confirms
ProTokens’ capability of characterizing both the tertiary and quaternary structure patterns,
although slight performance degradation is observed when the protein complex involves more
chains (fig. S2e).

In addition to the overall shape, the accuracy of the complex interface is of particular interest when
assessing a multimer structure. Motivated by this, we compute the DockQ score(47) for the tested
dimers, including antigen-antibody (Ag-Ab) complexes(35). Fig. S2f shows that the interface is
relatively accurate(4/), though not perfect, with an average and median DockQ exceeding 0.49.
Noteworthy, compared to multi-domain assemblies or heterodimers, we find that the reconstructed
Ag-Ab complex interface shows larger variance, although each single chain is reconstructed well
(fig. S2g). This may be due to the fact that the interaction patterns between Ag-Ab are often sparse
and largely determined by the side chains, hence, are less comparable to the tertiary structural
patterns that ProTokens are trained on. Besides, the flexibility of the Ag-Ab interface may also
impact the fidelity of ProTokens.
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Nevertheless, these experiments on multi-chain structures validate the generalization of
ProTokens, which are trained solely on tertiary structures, over quaternary interactions. Our
observation also implies that the quaternary structure patterns between protein chains may share
deep connections with tertiary patterns within a chain, both arising from fundamental physics
interactions between amino acid residues.

B. ProTokens are descriptive of finer functional protein conformations

Researchers are particularly concerned with alternative conformations that may lead to functional
switching of a protein. Despite many efforts being paid(25, 42—44), decoding alternative protein
conformations according to the amino acid sequence remains an unresolved challenge. According
to the probabilistic tokenization theory, such difficulty is largely due to the compactness of
Anfinsen’s tokens (fig. S12), leading to large and multimodal intra-state variation which is hard to
model. Compared to the Anfinsen’s tokens, ProTokens are designed to be more informative by
compromising its compactness. In principle, different metastable conformational ensembles of one
protein, which are degenerate in terms of Anfinsen’s tokens, can now be distinguished by
ProTokens.

Many proteins are known to undergo conformational changes or adaptations during binding to
ligand(s), we thus wonder whether ProTokens can characterize the binding-altered backbone
conformations of a protein. Similar to the previous experiment (see Results), we test the
reconstruction quality of a set of proteins with different apo- and holo-form conformations
(defined as conformers mutually different with a minimum backbone RMSD larger than 2.0 A
with and without ligand binding). According to the results shown in Fig. 4f, ProTokens are able to
faithfully describe both the apo and holo conformers of a ligand-binding protein and preserve their
relative differences. This important feature permits the use of ProTokens for the design of ligand-
binding proteins involving conformational changes.

C. Fidelity of ProTokens reflects the (meta)stability of 3D structures

As observed in the previous section, the fidelity of ProTokens seem to correlate with the stability
of a protein structure, possibly due to the probabilistic tokenization process, that is, the metastable
structure patterns are prioritized by ProTokens over the transient and dynamic snapshots of a
protein 3D structure. To further investigate this phenomenon, we zoom in our analysis over protein
residues, considering that even within a single protein, the stability of different residues may be
heterogeneity. For instance, it is common that some substructures are intrinsically more dynamic
or less stable than the other regions, which may result in less confident or even unresolved parts
in experimentally determined structures.

Therefore, we disassemble the test samples into residues, and categorize them according to the B-
factors reported by the crystallization experiments. In general, a larger B factor indicates larger
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intrinsic dynamics (or less stability) of the residue in its 3D structure(45). Not surprisingly, we
find that the fidelity of a ProToken corresponding to a certain residue correlates with the B-factor
of that residue (fig. S9a). In other words, if the local structure is less stable, it is also more likely
to be smeared by ProTokens. We further corroborate this conclusion based on another test set
consisting of AF2-predicted structures. Previous research revealed that the predicted confidence
(predicted IDDT) of AF2 can reflect to a certain degree the structural flexibility of the residue(46).
In line with previous findings, we observe that on average, when the pLDDT of a residue is lower,
the fidelity of ProTokens for that residue gets worse (fig. S9b).

Additionally, as many loop or intrinsic disordered regions of the protein usually cannot be resolved
by crystallization due to lack of metastability, it is likely that ProTokens are not able to represent
them either. To test this hypothesis, we manually fix and fill the unresolved regions of the
experimentally determined structures using PDB-Fixer(47) and AF2, then compute the
reconstruction quality of ProTokens for these regions. Consistent with the previous conclusion, we
observe a significant drop in the fidelity of ProTokens for these disordered regions (fig. S9c).
However, we notice that, unlike the manually fixed random regions, the experimentally resolved
loop conformation of an antigen-bound antibody can be well reconstructed from ProTokens. This
observation implies that the antigen-binding loop of an antibody is a metastable conformer of a
free-form antibody, in line with the thermodynamics theory of protein binding. Unlike intrinsically
disordered loops, the difficulty in experimentally resolving these metastable loop conformers alone
may result from the existence of other competing metastable conformations.

Additional validation experiments of PT-DiT

A. PT-DiT shows emerging capability for inverse folding

Inverse folding is an important task in structure-based protein design when the sidechain and
backbone structures are designed in a factorized way, and many efforts have been paid to develop
powerful inverse folding models. Noteworthy, all of these models underwent supervised training
towards the specific inverse folding objective, regardless of whether they make use of other
pretrained models.

Due to the unified modality of 1D and 3D structures in ProTokens, the inverse folding task can be
translated as in-filling or generating part of the ProTokens (i.e., sidechain tokens) given the
remaining part of ProTokens (i.e., backbone tokens). Intriguingly, in the framework of PT-DiT,
this definition coincides with the well-known inpainting task in image generation. Therefore, we
can directly transact useful tools and techniques developed for image inpainting to the inverse
folding task. Particularly, it is known that image inpainting can be achieved in a zero-shot manner
based on a well-trained diffusion model. We thus implement a simple and useful zero-shot
inpainting technique which allows PT-DiT to conduct inverse folding tasks without any fine-
tuning. Specifically, we first encode a given backbone structure into backbone token embeddings,
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then guide the PT-DiT to generate the remaining embeddings (i.e., the sidechain tokens), and
obtain the sidechain tokens corresponding to the amino acid sequence.

In Fig. 3e, we showcase that given a backbone structure, even without fine tuning, PT-DiT can
generate side chains with relatively high sequence recovery with respect to a known all-atoms
structure. However, the recovery is not an ideal measure for inverse folding considering that many
different amino acid sequences may fold into nearly the same backbone structures. Since PT-DiT
is a generative model, we can sample different sidechain tokens given the same backbone structure,
and yield diverse inversely folded sequences. We find that many of the generated sequences,
despite being less identical to the reference sequence, are predicted to fold into the designated
backbone structure according to a structure predictor (fig. S10). From these results we can
conclude that PT-DiT shows emerging capability for probabilistic inverse folding task, that is,
being able to generate conservative as well as diverse amino acid sequences compatible with a
designated (foldable) backbone structure without any fine-tuning.

B. PT-DiT enables flexible protein engineering through contextual design

In addition to de novo design, many researchers are interested in contextual design, for instance,
design structures conditioned on part of known structures or sequences. Similar to inverse folding,
in the framework of PT-DiT many contextual design tasks are all equivalent to inpainting, hence,
may be accomplished by a pretrained PT-DiT without fine tuning. We consider several contextual
design scenarios that may find broad applications, and interrogate PT-DiT’s capability of dealing
with these challenging problems.

In the first scenario, PT-DiT is invoked to design a scaffold that can accommodate a specified
binding pocket of a ligand (e.g., a small molecule), given the all-atom coordinates of the binding
pocket as the context. This scenario is particularly relevant to designing ligand-binding proteins,
which remains difficult to both sequence-based and structure-based protein design methods.

In fig. S3, we showcase designed proteins for two small molecule ligands. In each case, the pocket
is obtained by cropping the structure of a ligand-binding protein and only keeping the binding
pocket in a continuous form (that is, no gap between residue indices), mimicking a pre-designed
binding site. ProTokens (both backbone and sidechain tokens) for this binding pocket are first
obtained via the Encoder, and the length of the flanking tokens to the pocket is randomly sampled.
The remaining task is to infill the ProToken embeddings for the added flanking blanks. After
inpainting is done, we first detokenize the infilled ProTokens into 3D structures via the Decoder.
It can be seen that the shape of the binding pocket is preserved in the decoded structure, with a
designed flanking sequence as the scaffold. We also validate the generated all-atom structure
through a structure predictor, and confirm that the predicted structure aligns well with the
generated structure, further demonstrating the potentiality of PT-DiT as a zero-shot designer for
ligand binding proteins.
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C. Directed Evolution in the Latent Space of PT-DiT via Active Learning

Our active learning algorithms closely resemble those used in EVOLVEpro, with key settings,
including the strategy for selecting first-round mutants (random), the top-layer regression model
(random forest), and the active learning policy for selecting next-round variants (top-n), being
identical to those in EVOLVEpro. The only difference is the input for the regressor. In
EVOLVEpro, the residue-wise embedding from ESM-2 is averaged along the residue dimension
to generate a protein embedding (dim=5120). We adopt a similar strategy for PT-DiT embeddings
(dim=40), but we found that incorporating the second moment improves performance, resulting in
a total embedding of (dim=80) that integrates both sequence and structural information. The
structures used as the PT-DiT input are predicted by AlphaFold3 online server according to the
input sequence, and the residues of N-ter and C-ter with pLDDT below 0.7 are ignored.

Fig. 5g—-i and Fig. S7 demonstrate that the embeddings from PT-DiT and ESM-2 individually yield
comparable results across the 12 deep mutational scanning datasets, with neither consistently
outperforming the other. Notably, combining the two embeddings tends to produce the most robust
and reliable performance. However, PT-DiT performs poorly on the MAPK1 kinase and TEM-1
beta-lactamase datasets. Since PT-DiT’s embeddings are learned in a fully data-driven and black-
box manner, they are currently difficult to interpret, and we are unable to offer definitive
mechanistic explanations for the underperformance. Nevertheless, we believe this limitation could
arise from the following two reasons,

1) Bias in the structure used for inference: As detailed in the “Directed Evolution in the Latent
Space of PT-DiT via Active Learning” section of the Supplementary Text, the structural input
for PT-DiT inference was obtained from the AlphaFold3 server rather than experimentally
resolved crystal structures. These predicted models may contain noise or biases. Furthermore,
MAPKI is a kinase that adopts distinct conformations in its apo and holo states, particularly
in the activation loop and substrate recognition regions—conformational changes that are often
functionally relevant. Similarly, TEM-1 beta-lactamase, as an enzyme involved in catalyzing
biochemical reactions, also undergoes conformational shifts upon substrate binding and
product releasing. Therefore, relying on a single static structure may fail to capture the relevant
functional states, limiting the model’s ability to accurately predict the effects of mutations.

2) Sensitivity of enzyme’s side chain structures in catalytic area: The function of enzymes
often depends critically on atomic-level interactions between the protein and its substrate,
meaning that the precise conformations of side chains in the catalytic region are essential for
accurately predicting activity. However, the structural information used in PT-DiT inference
is limited to backbone representations, which may reduce the model’s effectiveness in
capturing these subtle but functionally important features. Additionally, in terms of sequence
embeddings, PT-DiT has significantly fewer parameters compared to ESM-2, and is pretrained
on a smaller dataset, given the relative scarcity of structural data compared to sequence data.
These factors may contribute to the reduced performance of PT-DiT in tasks requiring high-
resolution functional insight.
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Calculation of TM4-TM6 distance of u-Opioid Receptor

For the DEER experiment on the p-opioid receptor, we sample the possible conformations of the
small molecule HO-1427 used in the experiment using mtsslWizard, and calculate the distribution
of distances between fluorescent molecules and the average distance.

Time-Lagged Independent Component Analysis and Clustering of MD Simulations

We performed dimensionality reduction analysis on the Abl trajectory (see method) using TICA.
The implementation of TICA was based on the Python package pyemma, with lag time set to10.
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Fig. S1.
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Pitfalls in tokenization of protein 3D structures. Machine-learned tokens may suffer from non-
robustness (red) and degeneracy (yellow).
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ProToken reconstruction performance on test datasets. a, Reconstructed structure of T1029-
DI (cyan) from CASP14 test dataset aligned with the ground truth structure (gray). The rTM-score
of ProToken is 0.97 while structure predicted by AlphaFold2 is 0.53. b, Reconstructed structure
of T1122-D1 (cyan) from CASP15 test dataset aligned with the ground truth structure (gray). The
rTM-score of ProToken is 0.98 while structure predicted by AlphaFold2 is 0.51. ¢, Reconstructed
structure showcases ProToken’s performance on long sequence. d, ProTokens can reconstruct in
high quality the disconnected domain assemblies with sufficient inter-domain interactions. The
sample size is 28 in total. The inter-domain contact is defined as any CA-CA atom pair that
distance is below 8 A. e, ProTokens characterize both the tertiary and quaternary structure patterns
in protein complexes. f, The interface between homo- and hetero-dimers can be reasonably
reproduced by ProToken. g-h, Compared to heterodimer (PDB ID: 61YB), degraded fidelity is
observed for the antigen-antibody interface (PDB ID: 6K69) with sparser quaternary interactions.
i, Assessing ProTokens’ capability of distinguishing apo and holo conformers for ligand-binding
proteins. The box plots in b and ¢ are defined by the median as the center black line, first and third
quartiles as the box edges and 1.5 times the interquartile range as the whiskers
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Pocket scRMSD = 1.71 A

PT-DiT enables zero-shot contextual design of ligand binding proteins. a-b, Design of scaffold
(gray) for ligand (yellow) binding proteins based on pocket structures (blue). The predicted
structure (yellow) given the designed sequence is superimposed with the designed folds (gray),
showing preservation of the desired pocket structure. Ligands are shown at bottom.
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Fig. S4.

Forward OD

Perturbation on
latent space

Illustration of controlled evolution over the PT-DiT latent space. Three proteins (colored in
cyan, red and green, respectively) are evolved into new folds by perturbative extrapolation of their
embeddings over the PT-DiT latent space.
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Fig. S5.

Showcase of MurD structure and the collective variable. The collective variable is defined as
the angle between the center of mass of three selections: residues 120-230 (blue) and 230-299
(green) and 299-437 (red) for domain 1, 2, and 3, respectively. The vectors from green domain to
red domain and from green domain to blue domain are shown with two gray arrows. The PDB ID
of the structure is 1EOD.
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Fig. S6.

Validation of de novo designed Carbon anhydrase sequence. The generated sequence’s
structure predicted by AlphaFold3 (cyan) and ESMFold (red) is aligned with the ground truth
structure (PDB ID: 3JXG).
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Fig. S7.
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Fig. S8.
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Case Study of Inverse Folding Tasks empowered with PT-DiT. The ground truth structure
(gray) and structure predicted by ESMFold based on the generated sequence of PT-DiT are aligned
and shown on the left. The common residues are colored in marine and uncommon residues in
orange. The ground truth sequence and sequence generated by PT-DiT are aligned on the right.
The common residues are colored in black background. The upper case has a high sequence
recovery and high self-consistency TM-score of 0.84, while the lower case has a low sequence
recovery, while maintain relatively high self-consistency TM-score of 0.76.
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Fig. S11.
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Comparison of sequence and structure between PT-DiT generated antibody candidates and
a human antibody. The sequence generated by PT-DiT compared to the human antibody
sequence. The CDR3 residues are marked in red square and the common residues in black
background. Sequence identity of two structures is 0.84.
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Fig. S12.

Probabilistic tokenization of protein 3D structures. a, Metastable states defined at different
timescales can lead to different tokens of protein structures, including amino acids.
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Fig. S13.

a
Decoder
-
2, Backbone -
&E Structure .
& e
a3 - All-Atom ‘
e (T . Decoder
okens Product -
: Eaa ~
Protein Metastable i : All-Atom
Structure ensemble : : A Structures
\ i i
Sidechain Sidechain
Structure Tokens
b d
random noise G\QA
w
- <
2 i o
28 @ SE(3) ; | o :
E :9‘ : Detokenizer g ~ 1 s H - g
. S % | 8 5 b
)] | S v
e — Backbone Structures P & ‘ @ <
— 2 3 4 =
5 = @ é c<d channels
2 | @
2 . — .
2 - d channels
a Eﬁ”
[+
—
5 4
% z
5 Tokens :
° .
a3 3
Backbone Structures
Backbone
Embeddings Clustering Cluster Centers

d channels

Architecture of Protein tokenization module. a, Overview of the protein tokenization module.
The all-atom structure(s) is tokenized through the backbone track and sidechain track separately,
leading to backbone tokens and side chain tokens, respectively. ProToken is the Cartesian product
of the two. Protein tokenization module consists of a generative Decoder (b), an Encoder (¢), and

a Tokenizer (d).
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Table S1.

Proteins in experimental datasets®

Type® Sample Name PDB Entry Description Reference
Abl_active 10PJ The active state of Abl David E. Shaw et. al.(48)
Abl_inactive 2F4] The inactive state of Abl David E. Shaw et. al.(48)
MurD_open 3UAG The open state of MurD Matteo T. Degiacomi(49)
Metastable
state MurD_close 1EOD The close state of MurD Matteo T. Degiacomi(49)
sampling .
MurD _inter SASE The intermediate state of MurD Roman Sink et. al.(50)
HOR_active 6DDF The active state of p-opioid receptor Chunlai Chen et. al.(57)
HOR_inactive 4DKL The inactive state of p-opioid receptor Chunlai Chen et. al.(57)
SUMO 1U4A Human SUMO-3 C47S Yunyu Shi et. al.(52)
Evolution-like Ubiquitin 1D3Z Human Ubiquitin structure Gabriel Cornilescu et. al.(53)
protein
discovery Carbon anhydrase 1 3DCW Human carbonic anhydrase IX Robert McKenna et. al.(54)
Carbon anhydrase 2 31XG CA-like domain of mouse PTPRG Samuel Bouyain et. al.(55)

a. This table includes details of all the experimental resolved structures, and details of 12 DMS dataset can be found
in the supplementary information Table S2 of Omar O. Abudayyeh et. al.
b. Type means the applications of PT-DiT corresponding to the contents in the results of main text.
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