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Abstract

Protein folding models have achieved groundbreaking results typically via a com-
bination of integrating domain knowledge into the architectural blocks and training
pipelines. Nonetheless, given the success of generative models across different but
related problems, it is natural to question whether these architectural designs are a
necessary condition to build performant models. In this paper, we introduce Simple-
Fold, the first flow-matching based protein folding model that solely uses general
purpose transformer blocks. Protein folding models typically employ computation-
ally expensive modules involving triangular updates, explicit pair representations or
multiple training objectives curated for this specific domain. Instead, SimpleFold
employs standard transformer blocks with adaptive layers and is trained via a
generative flow-matching objective with an additional structural term. We scale
SimpleFold to 3B parameters and train it on approximately 9M distilled protein
structures together with experimental PDB data. On standard folding benchmarks,
SimpleFold-3B achieves competitive performance compared to state-of-the-art
baselines, in addition SimpleFold demonstrates strong performance in ensemble
prediction which is typically difficult for models trained via deterministic recon-
struction objectives. Due to its general-purpose architecture, SimpleFold shows
efficiency in deployment and inference on consumer-level hardware. SimpleFold
challenges the reliance on complex domain-specific architectures designs in protein
folding, opening up an alternative design space for future progress.

1 Introduction

Established protein folding models like AlphaFold2 [23] and RoseTTAFold [8] have achieved ground-
breaking accuracy by relying on carefully engineered architectures that integrate computationally
heavy domain-specific designs for protein folding tasks such as multiple sequence alignments (MSAs)
of AA sequences, pair representations, and triangle updates [23} [8]]. These design choices (MSA,
pair representations, triangular updates, etc.) are an attempt to hard-code our current understanding
of the underlying structure generation process into these models, instead of opting to let models to
learn this directly from data, which could be beneficial for a variety of reasons. For example, [27]
showed that for orphan proteins (those with few or no close homologs) approaches based on protein
language models (PLM) tend to outperform approaches that rely on MSA like AlphaFold2. In this
paper, we propose a strong departure from domain-specific designs towards a much more general
architectural design which has been demonstrated to be effective in generative modeling problems
and can ultimately leverage data and compute as effectively as possible.

In this work, we propose SimpleFold, a flow-matching based folding model that directly maps
a protein sequence to its full 3D atomic structure without relying on MSA, pairwise interaction
maps, triangular updates or any other equivariant geometric modules. Our architecture is inspired
by recent transformer-based text-to-image and text-to-3D flow matching models [33} [32]], with a
strong emphasis on departing from current architecture designs using a general-purpose transformer
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Figure 1: Example predictions of SimpleFold on targets (a) chain A of 7QSW and (b) chain A of
8DAY, with ground truth shown in light aqua and prediction in deep teal. (c) Generated ensembles
of target chain B of 6NDW with SimpleFold finetuned on MD ensemble data. (d) Performance of
SimpleFold on CASP14 with increasing model sizes from 100M to 3B. (e) Inference time of different
sizes of SimpleFold on consumer level hardware, i.e., M2 Max 64GB Macbook Pro.

backbone trained end-to-end with a flow-matching training objective. Crucially, we demonstrate that
strong folding performance (see Fig. [T|can be achieved without explicit pairwise representations,
triangle updates, or MSA, which significantly reduces architectural complexity and challenges
preconceived notions around the necessity of these designs [27]. SimpleFold represents a strong
departure from previous of protein folding models, and we summarize our contributions as follows:

* We revisit protein folding as a conditional generative task and introduce SimpleFold, a flow-based
transformer folding model that eliminates MSA, pairwise representations, and triangle modules.

* We scale SimpleFold to 3B parameters and train it on approximately 9M distilled structures together
with PDB experimental data.

* Our most powerful SimpleFold-3B model shows strong results in folding compared to baselines with
hard-coded heuristic designs and also achieves competitive performance on ensemble generation.

* We train a family of models ranging from an efficient 100M model to a large 3B model for the best
performance (Fig. [[(d)). SimpleFold-100M recovers ~90% performance of our best model on
major folding benchmarks while being very efficient in inference even on consumer-level devices.

2 SimpleFold

2.1 Folding with Flow-Matching

SimpleFold implements a linear interpolant path [4] (also referred to as a rectified flow [28], [16])
between samples from the empirical data distribution x ~ pp and noise samples € ~ N (0, I'), such
that x; = tx+ (1 —t)e, where the target velocity is defined as v; = x — €. In flow matching, we train
anetwork vy to match the target across time and data via /5 regression objective E[||vq(x;, t) —v||?].



In particular, given a protein with NV, heavy atoms, we build a linear interpolant between noise € and
all-atom positions x, where €, x € R¥=*3  conditioned on the amino acid sequence s € R™", where
N, is number of residues or amino acids in the protein. Unlike earlier work that modeled only the
Cbackbone with flow-matching models [25} 26| [17], we generate full-atom conformations including
both backbones and side chains. The network vy takes the amino acid sequence as a conditioning
input vg(xy,s,t) to model the target velocity field. In particular, the flow-matching objective is

defined as follows: fpy = Ex s e ¢ {N%z Ve (xt,s,t) — (x — E)HQ}

We also include an additional local distance difference test (LDDT) loss similar to [1]]. This loss
measures the atomic pairwise distances error between the generated structure x(x;) at timestep
t and ground truth structures x. During training, X(x;) is estimated through one step Euler,
ie., X(x¢) = x¢ + (1 — t)vg(xy,s,t). The LDDT loss is formulated as follows: ¢ ppr =
E Sz 1(8i<C)a(|8i; =64 11)
X,8,€,t S 1(8:;<C)
note the distances between atom ¢, j in ground truth and predicted structures, respectively. The
term o(-) is a nonlinear function on pair distance errors and C is a cutoff distance which controls
neighboring atoms to be included in the loss. The model is trained with a weighted combination of
flow-matching and LDDT terms: ¢ = ¢pyv + «(t)¢Lppr, Where «(t) is a weighting term related to
timestep ¢ in flow process and is also dependent to different training phases.

], where 0;; = ||x; — x;| and SIJ = ||%(x¢); — X(x¢);]| de-
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question whether these architectural design decisions
are a necessary condition to build performant models. Shared building

In a strong departure from previous approaches, Sim- . blockinal1.23
pleFold uses an architecture solely based on general-

purpose transformer modules. In Fig.[2]we show an  Figure 2: Overview of SimpleFold’s architec-
architecture diagram of SimpleFold, which contains ture built on general-purpose standard Trans-
three major modules: light-weighted atom encoder former block with adaptive layers. Atom
and decoder which are symmetric (i.e., same num- encoder, residue trunk, and atom decoder
ber of blocks and hidden size) and a heavy residue all share the same general-purposed building
trunk. All modules are implemented with standard block. Our model circumvents the need for
transformer blocks with adaptive layers conditioned pair representations or triangular updates.

on the timestep ¢ (see bottom left of Fig. [2).
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Similar to text-to-image and text-to-3D generative models, we use a frozen pretrained protein
language model (PLM) to embed the AA sequence into an informative latent representation. We
leverage ESM2-3B [27] in all our models to encode the AA sequence s into per-residue conditioning
embeddings e € RV~*4:. Sequence embeddings are then concatenated with the residue tokens
along the channel dimension and fed into the residue trunk. The residue trunk contains most of the
parameters of the model and is where most of the compute is spent on. The grouping operation takes
the output of the atom encoder and conducts average pooling to atom tokens within the same residue
to obtain residue tokens r € R™~*4e Whereas the ungrouping operation projects residue tokens to
corresponding atom tokens.



2.3 Sampling

To fold a protein with a given amino acid sequence s in inference, we initialize atomic coordinates as
Gaussian noise xg ~ A (0, I) and integrate the learned vector field from ¢ = 0 to ¢t = 1. We perform
stochastic generation using a Langevin-style SDE formulation of the flow process [3} 137} 32]:

1 -
dx; = vg(xy,s,t)dt + iw(t)s(,(xt, tye)dt + /7 - w(t) dWy, e

where w(t) > 0 is a time-dependent diffusion coefficient, W, is a reverse-time Wiener process,
7 controls the scale of stochasticity, and sg(x¢,s,t) = (tvg(xs,s,t) — x¢)/(1 — t). We find

w(t) = 2&:}”, which defines stochasticity scheduler following SNR of flow process and 7 is a small
constant for numerical stability, gives the best sampling quality. We stick to this setting in all our
experiments unless mentioned otherwise. Similar to previous flow-matching based protein generative
models [[17], we find that 7 balances the generation of accurate refined structures and modeling the

ensemble of conformations.

2.4 Training Data

We train SimpleFold with a data mix of 3 different sources. First, we include around 160K structures
from Protein Data Bank (PDB) [9, 45, 5] with a cutoff of May 2020 following ESMFold [27]].
Additionally, we use the SwissProt set from AFDB. Within SwissProt distilled structures, we select
samples with average pLDDT greater than 85 and standard deviation of pLDDT smaller than
15, which yields approximately 270K distilled samples. Moreover, we use representative protein
structures for each cluster in AFESM [46]. We filter these structures with pLDDT larger than 0.8
resulting in more than 1.9M distilled strictures. To train our biggest model SimpleFold-3B, we
explore an extended version AFESM (which we call AFESM-E) by also including structures beyond
the cluster representatives. In particular, for each cluster, we randomly pick a maximum of 10
proteins structures with average pLDDT larger than 80, which resulting in a total of 8.6M distilled
structures. Since larger models with larger capacity benefit from larger training sets, we train our
largest SimpleFold-3B on the distilled AFESM-E data together with PDB and SwissProt.

3 Experiments

We evaluate SimpleFold on two widely adopted protein structure prediction benchmarks: CAMEQ22
and CASP14, which are rigorous tests for generalization, robustness, and atomic-level accuracy in
folding models. CAMEQ22 [[18]] follows the setting in [22]] which contains 183 targets structures. In
addition, CASP14 [34] is a more challenging benchmark containing selective targets for a biennial
blind prediction challenge. We set 7 = 0.01 for SimpleFold in inference which empirically shows
best general performance in folding.

Despite its simplicity, SimpleFold achieves competitive performance compared with these baselines.
In both benchmarks, SimpleFold shows consistently better performance than ESMFlow which is
also a flow-matching model built with ESM embeddings. On CAMEQO22, SimpleFold demonstrates
comparable results to the best folding models (e.g., ESMFold, RoseTTAFold2, and AlphaFold2).
In particular, SimpleFold achieves over 95% performance of Rose TTAFold2/AlphaFold2 on most
metrics without applying expensive and heuristic triangle attention and MSA. On the more challenging
CASP14 benchmark, SimpleFold achieves even better performance than ESMFold. In particular,
SimpleFold-3B obtains a TM-score of 0.720 / 0.792 and GDT-TS of 0.639 / 0.703 in comparison
t0 0.701 /0.792 and 0.622 / 0.711 of ESMFold. SimpleFold also shows competitive or even better
performance to baselines that applies MSA like RoseTTAFold and AlphaFlow. It is also notable
that all models except AlphaFold2 show a significant performance drop on CASP14 compared
to CAMEO22, even AlphaFlow which is a finetuned flow-matching model using a pre-trained
AlphaFold2 model as initialization. We attribute this to the fact that AlphaFold2 leverages templates
from MSA and uses a regression training objective. We note that the performance drop of SimpleFold
on CASP14 w.r.t. CAMEO?22 is much smaller compared to many baselines model like ESMFold.
Given that neither ESMFold or SimpleFold rely on MSA, this demonstrates that SimpleFold is very
robust in predicting valid structures on challenging tasks.

Moreover, scaling up the model sizes of SimpleFold models results in better performance across the
board, which indicates the benefit of designing a general purpose approach that benefits from scale.



Table 1: Performance of protein folding on the CAMEO22 and CASP14 benchmarks. For each metric,
we report the average / median over all samples. Here, orange, green, blue denote baselines
trained with regression objectives, generative objectives, and our SimpleFold, respectively.

Type Model TM-score T  GDT-TS 1 LDDT+ LDDT-C,+ RMSD |
CAMEO22
RoseTTAFold [8]  0.780/0.860 0.715/0.775 0.575/0.605 0.798/0.827 5.721/2.864
MSA-  AlphaFlow [21] 0.840/0.927 0.808/0.853 0.741/0.798 0.855/0.893  3.846/2.122
based  AlphaFold2 [23]  0.863/0.942 0.844/0.903 0.816/0.856 0.893/0.923 3.578/1.857
RoseTTAFold2 [7] 0.864/0.947 0.845/0.904 0.727/0.767 0.893/0.926 3.571/1.707
ESM3 [19] 0.746 /0.840  0.694/0.758 - - -
ESMDIff [30] 0.754/0.847  0.701/0.760 - - -
PLM-  EigenFold [22] 0.750/0.840  0.710/0.790 - - -
based  OmegaFold [44]  0.805/0.899 0.767/0.844 0.746/0.815 0.829/0.892  5.294/2.622
ESMFlow [21] 0.818/0.893 0.774/0.832 0.696/0.745 0.827/0.867 4.528/2.693
ESMFold [27] 0.853/0.933 0.826/0.875 0.792/0.834 0.871/0.906 3.973/2.019
SimpleFold-100M  0.803/0.878 0.746/0.787 0.721/0.752 0.822/0.852  4.897/2.855
SimpleFold-360M  0.826/0.905 0.782/0.841 0.773/0.803 0.844/0.878  4.775/2.681
Ours  SimpleFold-700M  0.829/0.915 0.788/0.845 0.775/0.809 0.850/0.886  4.557/2.423
SimpleFold-1.1B 0.833/0.924 0.793/0.851 0.776/0.807 0.850/0.883  4.350/2.334
SimpleFold-1.6B  0.835/0.916 0.799/0.864 0.782/0.816 0.853/0.889  4.397/2.187
SimpleFold-3B 0.837/0.916 0.802/0.867 0.773/0.802 0.852/0.884  4.225/2.175
CASP14
RoseTTAFold [8]  0.654/0.678 0.562/0.572 0.464/0.456 0.705/0.723  9.676/6.420
MSA-  AlphaFlow [21] 0.740/0.812  0.661/0.711 0.632/0.662 0.767/0.799  7.091/3.949
based  RoseTTAFold2 [7] 0.802/0.881 0.740/0.824 0.638/0.669 0.824/0.869 6.744 /3292
AlphaFold2 [23]  0.845/0.907 0.783/0.855 0.778/0.817 0.856/0.897  5.027/3.015
ESMDiff [30] 0.521/0.499 0.447/0.430 - - -
ESM3 [19] 0.534/0.567 0.459/0.488 - - -
PLM-  EigenFold [22] 0.590/0.637 0.539/0.575 - - -
based  ESMFlow [21] 0.627/0.679 0.539/0.544 0.525/0.539 0.669/0.730 10.503 /6.974
OmegaFold [44]  0.693/0.773 0.625/0.723 0.627/0.726 0.715/0.824  9.845/4.042
ESMFold [27] 0.701/0.792  0.622/0.711 0.637/0.705 0.725/0.802  8.679/4.016
SimpleFold-100M  0.611/0.628 0.513/0.544 0.537/0.549 0.659/0.685 11.157/8.976
SimpleFold-360M ~ 0.674/0.758 0.585/0.654 0.617/0.657 0.703/0.762  9.382/4.828
Ours  SimpleFold-700M  0.680/0.767 0.591/0.668 0.630/0.674 0.714/0.763  9.289/4.431
SimpleFold-1.1B  0.697/0.796 0.607/0.668 0.640/0.676 0.723/0.758  9.249/4.462
SimpleFold-1.6B  0.712/0.801 0.630/0.709 0.660/0.699 0.741/0.798  8.424/4.722
SimpleFold-3B 0.720/0.792  0.639/0.703 0.666/0.709 0.747/0.829  7.732/3.923

It is notable that scaling up model sizes improves performance substantially more in CASP14, i.e
the more challenging benchmark, than in CAMEO22. This is a clear empirical evidence that models
with larger capacity are more capable of solving complex folding tasks.

4 Conclusions

We have introduced SimpleFold, a flow-matching based generative model for protein folding that
represent a strong departure from the architectural designs in previous approaches. SimpleFold is
solely built with general-purpose transformer blocks with adaptive layers, dispensing away with
heuristic designs like expensive pair representations and triangular updates introduced by AlphaFold2.
We believe SimpleFold represents a disruptive approach for protein folding that relies on scaling up
general purpose architecture blocks to learn the symmetries of the underlying data generation process
directly from training data.
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A Related Work

Protein Folding Since the development of AlphaFold2 [13] and RoseTTAFold [8] which achieved
groundbreaking performance in protein folding with learning-based methods, many works have
continued to investigate this problem [2,[7, 24]. AlphaFold2 introduced domain specific network
modules like triangle attention and design decisions like explicitly modeling interactions between
single and pair representations. It also relied on MSA to extract evolutionary information of protein
sequences in the hopes to nudge the model towards biological experts understanding of the underlying
data generation process.

OmegaFold [44] and ESMFold [27]] replaced MSA with learned embeddings from pretrained protein
language model, which are efficient in inference and especially beneficial for orphan proteins.
Some works also aimed at accelerating the models through efficient implementations of AlphaFold2
modules, like FastFold [14] and MiniFold [43]. These folding models are built on regression
objectives of local frame instead of direct modeling of all-atom positions. Therefore structural
predictions of these models lack diversity for ensemble generation.

Flow-Matching for Proteins Generative models, especially diffusion and flow-matching based
methods, have been introduced to protein folding given its superior performance in generating
high-quality plausible samples. AlphaFlow/ESMFlow [21]] proposed to tune AlphaFold2/ESMFold
with flow-matching objectives and demonstrated advantages in ensemble generation. However, [21]]
were not build from the ground up as generative models and instead rely on powerful pretrained
AlphaFold2 and ESMFold models which were trained with a deterministic regression objective.
AlphaFold3 [1] and its architectural reproductions (e.g., Boltz-1 [42]], Protenix [38]], Chai-1 [[LO])
also used diffusion to build generative models for protein complexes of biomolecular interactions.
In addition, several works have investigated diffusion or flow-matching models for de novo protein
structure generation, like RFDiffusion [41], Genie-2 [26]], P(all-atom) [35]]. Though these works
have employed diffusion or flow-matching generative models for proteins, they still heavily rely on
heuristic architectural designs from AlphaFold series like expensive triangle attention and explicit
modeling of pair representations. Some are also built on crafted equivariant diffusion process [22].
Proteina [[17] attempts to build a simplified architecture but still explicitly applies pair representation,
and it only models C,, generation. Previously, MCF [40Q] investigated conformation generation of
small molecular systems with general-purpose transformer backbone. In a strong departure from
previous protein folding models, SimpleFold aims at tackling the folding problem with a general
purpose transformer backbone and learning symmetries in the underlying data generation process
directly from training data.

B Model Configurations

Table[2]lists the configurations of different SimpleFold models from the smallest 94M to largest 2.86B.
In implementation, we apply the same architecture for the atom encoder and atom decoder. Though
AlphaFold2 is similar to our smallest SimpleFold-100M in terms of number of parameters (both are
around 95M)), its forward Gflops are much higher than our largest SimpleFold-3B (~ 30Tflops vs.
~ 1.4Tflops). This is because AlphaFold2 relies on expensive triangle update as well as explicit
modeling pair representations from MSA. SimpleFold, on the other hand, is built on general-purposed
transformer blocks which are much more computationally efficient.

C Experimental settings

We train a family of SimpleFold models at different sizes (i.e., 100M, 360M, 700M, 1.1B, 1.6B, and
3B) to investigate the scaling ability of proposed framework in folding. When scaling up model sizes,
we increase the depth and hidden size of atom encoder and decoder as well as residue trunk altogether
(see detailed configurations in Tab. [2). During training we copy one protein B, times per GPU with
different flow timestep ¢ sampled and accumulate gradients from B,, different proteins on different
GPUs, following AlphaFold2 [13,1]]. Therefore, the effective batch size is B, x B,. We empirically
find that this strategy leads to a more stable gradient and better performance than naively building a
batch with randomly selected proteins.



Table 2: Configurations of different variants of SimpleFold with comparison to AlphaFold2 and
ESMFold in number of parameters and forward Gflops.

Atom Enc. / Dec. Residue Trunk

Model # Params Gflops | Dim. #Heads #Blocks | Dim. #Heads # Blocks
AlphaFold2 95M  30935.0 - - - - - -
ESMFold 710M  3399.7 - - - - - -
SimpleFold-100M 94M 66.5 | 256 4 1 768 12 8
SimpleFold-360M 360M 189.9 | 256 4 2 1024 16 18
SimpleFold-700M 687M 3104 | 256 4 2 1152 16 28
SimpleFold-1.1B 1.11B 496.0 | 384 6 2 1280 20 36
SimpleFold-1.6B 1.58B 750.0 | 512 8 3 1536 24 36
SimpleFold-3B 2.86B 13824 | 640 10 4 2048 32 36

Table 3: Evaluation on MD ensembles. Results of baseline models are taken from [21,[30], to which
the evaluation pipeline for our SimpleFold (SF) and SimpleFold-MD (SF-MD) adheres.

No Tuning Tuned
AF2  MSA-sub. SimpleFold | ESMDiff ESMFlow-MD  AlphaFlow-MD  SimpleFold-MD

Pairwise RMSD r 1 0.10 0.22 0.44 0.18 0.19 0.48 0.45
Global RMSF r 0.21 0.29 0.45 0.49 0.31 0.60 0.48
Per target RMSF r 0.52 0.51 0.60 0.68 0.76 0.85 0.67
RMWD | 3.58 4.28 422 7.48 3.60 2.61 417
RMWD trans contri | | 2.86 3.33 3.74 5.18 3.13 2.28 3.40
RMWD var contri | 2.27 2.24 1.74 3.37 1.74 1.30 1.88
MD PCA W2 | 1.99 2.23 1.62 2.29 1.51 1.52 1.34
Joint PCA W2 | 2.86 3.57 2.59 6.32 3.19 2.18 2.85
% PC sim > 0.5 1 23 21 37 23 26 44 38

Weak contacts J 1 0.27 0.37 0.36 0.52 0.55 0.62 0.56
Transient contacts J T | 0.28 0.27 0.27 0.26 0.34 0.41 0.34
Exposed residue J 1 0.32 0.37 0.39 - 0.49 0.50 0.60
Exposed MI matrix p 1 | 0.02 0.10 0.14 - 0.20 0.25 0.32

Pre-training. The overall training of SimpleFold consistent of two training stages pre-training and
finetuning, which only differ on the data used to train the model. During the pre-training stage of
SimpleFold we use a large dataset containing as much available data as possible. Finetuning, on
the other hand, is performed on high-quality data to increase the fidelity of generated structures. In
pre-training, SimpleFold is trained on approximately 2M (8.7M for the 3B model) data structures
including all three data sources, namely PDB, SwissProt from AFDB, and AFESM. We set the
maximal amino acid sequence length to 256, where we keep shorter sequence without padding while
crop longer sequences to 256 residues. We set «(t) = 1 which uses LDDT supervision through
the whole flow process. All models are trained with effective batch size 512 except for 1.6B and
3B models which are trained with batch size 1024 and 3072, respectively. We use the AdamW
optimizer [29] with learning rate 0.0001 and linear warmup for the first 5000 steps.

Finetuning. In finetuning, SimpleFold is trained on PDB and SwissProt subsets only which contain
higher quality data. We set a maximal sequence length to 512 which allows access to larger protein
structures in this training phase. We accordingly half B, in each batch to fit in GPU memory. We set
a(t) =1+ 8ReLU(¢ — 0.5) in which gradually increases weight of LDDT loss to maximum value of
5 when approaching clean data (t = 1). We keep AdamW as an optimizer with the same learning rate
0.0001 in finetuning. In both pre-training and finetuning, we apply an exponential moving average
(EMA) of all model weights with a decay of 0.999 following a common practice in flow-matching
generative models.

D Ensemble Generation

D.1 Molecular dynamic ensemble

SimpleFold trivially models the distribution of protein structures, due its generative training objective.
Namely, SimpleFold does not only generate one deterministic structure for an input AA sequence but
is also capable of generating the ensemble of different conformations. To demonstrate this ability of
SimpleFold, we benchmark the performance on the ATLAS dataset [39]], which assess generation of
molecular dynamic (MD) ensemble structures. ATLAS contains contains all-atom MD simulations
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Table 4: Two-state conformation results. For the last two metrics, both mean and median are reported
over the targets. Results are taken from the ESMDiff paper [30], to which the evaluation pipeline for
the rest models adhere.

Res. flex. Res. flex. Res. flex. Res. flex.
Type  Model (global) T (per-target) 1 TM-ens 1 (global) T (per-target) 1 TM-ens 1
| Apo/holo | Fold-switch

FoldFlow?2 [20] 0.027 0.057/0.055 0.216/0.208 0.051 0.009/0.005 0.199/0.191

MultiFlow [11] 0.113 0.211/0.194  0.360/0.342 0.092 0.068/0.061  0.269/0.250
Seq- Str2Str [31] 0.174 0.326/0.307 0.731/0.728 0.161 0.246/0.233  0.615/0.644
based Eigenfold [22] 0.126 0.407/0.401 0.830/0.870 0.225 0.279/0.255 0.614/0.653

ESMDiff [30] 0.420 0.489/0.515 0.838/0.877 0.402 0.341/0.288  0.626/0.685

ESMFlow [21] 0.416 0.496/0.522 0.856/0.893 0.269 0.345/0.329  0.700/0.755
MSA- MSA-Subs. [23] 0.398 0.404/0371 0.856/0.894 0.350 0.320/0.303  0.714/0.765
based  AlphaFlow [21] 0.455 0.527/0.527 0.864/0.893 0.385 0.384/0.376  0.730/0.788

SimpleFold-100M 0.492 0.500/0.532  0.852/0.887 0.391 0.291/0.241  0.656/0.677
SimpleFold-360M 0.537 0.520/0.528  0.864/0.898 0.359 0.310/0.314  0.689/0.746
Ours  SimpleFold-700M 0.552 0.524/0.538  0.870/0.899 0.307 0.328/0.310  0.693/0.713
SimpleFold-1.1B 0.557 0.526/0.537  0.870/0.900 0.337 0.346/0.344  0.698/0.755
SimpleFold-1.6B 0.501 0.522/0.508 0.877/0.912 0.240 0.339/0.318  0.721/0.770
SimpleFold-3B 0.639 0.550/0.552  0.893/0.916 0.292 0.288/0.263  0.734/0.766

of 1390 proteins. We follow AlphaFlow [21] for training, validation, and test split of ATLAS and
evaluate generated 250 conformations for each protein in test set. Tab. [3]compares SimpleFold with
baseline models on ATLAS. Reported metrics comprehensively measure the quality of generated
ensembles from predicting flexibility (e.g., RMSD r and RMSF r), distributional accuracy (e.g.,
RMWD), and ensemble observables (e.g., exposed residue and exposed MI matrix).

Firstly, we directly evaluate our largest SimpleFold-3B without additional tuning on MD simulation
data in ATLAS. We set 7 = 0.6 in inference to add more stochasticity than folding tasks. We compare
our approach to baseline models, AlphaFold2 [[13] and MSA subsampling [15]]. MSA subsampling
introduces more stochasticity to AlphaFold2 by subsampling the aligned AA sequences from MSA
search. Note the ESMFold is trained via a deterministic regression objective, thus cannot be applied
to ensemble generation without additional tuning. Compared to baselines, SimpleFold achieves
superior performance on generating ensembles that match the distribution from MD simulations.

We also report the results of SimpleFold-MD, a finetuned model on the training data split of ATLAS,
comparing to baselines that are also additionally tuned (i.e., ESMDiff [30], ESMFlow-MD [21],
and AlphaFlow-MD [21]]). In particular, a fully trained SimpleFold is tuned for additional 20K
iterations, where we keep «(t) = 1. As shown in Tab. |3} SimpleFold consistently achieves better
performance than ESMFlow-MD where both rely on the ESM embedding without MSA. SimpleFold
also shows better performance than AlphaFlow-MD on metrics related to ensemble observables (e.g.,
exposed residue and MI matrix), which are a key feature in the identification of cryptic pockets in
drug discovery.

D.2 Multi-state structure prediction

We also evaluate the capacity of SimpleFold to generate structures for proteins showing more than
one natural conformation. We adopt the benchmarking set of apo-holo conformational change [36]
(Apo/holo) and fold-switchers [13]] (Fold-switch) following EigenFold [22f]. The target in each dataset
is represented by (1) an amino acid sequence and (2) two distinct ground truth structures. The model
is required to produce a diverse yet accurate set of samples “covering” both conformational states
and reflecting correct local flexibility.

We compare SimpleFold with a collection of existing approaches including both (1) sequence-based
approaches: FoldFlow2 [20], MultiFlow [12], Str2Str [31]], EigenFold [22]], ESMDiff [30] and
ESMFlow [21]; (2) MSA-based methods, including MSA subsampling [[15] and AlphaFlow [21]].
For each dataset, we report the global and per-target residue flexibility (res. flex.), as well as the
ensemble TM score (TM-ens) [22]]. The evaluation protocol follows previous works [22| [30], where
five samples are generated to compute the metrics with respect to the two ground truth conformations
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for each target. In inference, we empirically set 7 = 0.8 for SimpleFold which generates structures
that align with both native conformations and correctly model residue flexibility.

As shown in Tab.[d] SimpleFold obtains state-of-the-art performance on Apo/holo, where SimpleFold
outperforms strong MSA-based approaches like AlphaFlow significantly. On Fold-switch, SimpleFold
shows comparable or even better performance than ESMFlow which is also applies flow-matching
objective and is built on ESM embeddings. The results validate the capability of our SimpleFold
in predicting the structures of high quality (i.e., ensemble TM-score) as well as correctly modeling
the flexibility in structures (i.e., residue flexibility). Also, the overall performance of SimpleFold
increases with the model size growing, which further showcase potential of our proposed framework
in generating protein ensembles. Experiments on both MD ensemble and multi-state structure
benchmarks demonstrate the capability of SimpleFold in modeling the ensemble of protein structures,
which can be beneficial for applications that requires flexibility modeling of protein structures (e.g.,
molecular docking).

E Effects of Scaling in Protein Folding
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Figure 3: Scaling behavior of SimpleFold. Training Gflops vs. folding performance on GDT-TS
and (b) TM-score. Training steps vs. folding performance on (c) GDT-TS and (d) TM-score. How
data scale affects the performance (e) GDT-TS and (f) TM-score. All models are benchmarked on
CAMEQO22.

SimpleFold benefits from increasing model sizes as proven by recent success of generative models in
other domains, like vision and language generation. We note that the effects of scaling both training
data and model sizes have note yet been rigorously investigated in protein folding. In this section,
we empirically show the scaling behavior of SimpleFold from both model and data perspectives,
highlighting important considerations for building powerful biological generative models.

To assess the benefit of scaling up the model size in SimpleFold, we train models with different
sizes from the smallest with 100M parameters to the largest with 3B parameters. All models are
trained with full pre-training data containing PDB, SwissProt from AFDB, and filtered AFESM.
Fig. 3[@)-(d) illustrate how model sizes affect the performance of folding (also see Fig. [I[d)). Larger
models trained with a larger training budget (i.e., training Gflops and training iterations), are preferred
to achieve better performance. We believe these results highlight the positive scaling behavior of
SimpleFold and highlight an direction of progress to obtain more powerful generative models in
biology.
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We also show the benefits of scaling up training data in SimpleFold. We train SimpleFold-700M
with different sources of training data: (1) PDB only (160K structures), (2) a combination of PDB
and SwissProt (SP, 270K structures) from AFDB, (3) filtered representative proteins from AFESM
(1.9M structures) in addition to PDB and SwissProt, and (4) the extended AFESM set (AFESM-E)
which contains additional proteins besides the representative protein in each cluster (a total of 8.6M
structures). As shown in Fig. B(e) and (f), SimpleFold as we increase the total number of unique
structures in the data mix, the final performance of SimpleFold tends to improve after 400k training
iterations. These experimental results support our core contribution to build a simplified and scalable
folding model that benefits from the growing total of protein data available either experimentally or
distilled from different models.
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