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Summary: ColabFold is an easy-to-use Notebook based environment for fast and convenient protein structure predictions.
Its structure prediction is powered by AlphaFold2 and RoseTTAFold combined with a fast multiple sequence alignment generation stage using MMseqs2. MMseqs2’s MSAs produce more accurate predictions while being ∼16 faster compared to the
AlphaFold2’s MSA stage. ColabFold also offers many advanced features, such as homo- and hetero-complex modeling and
exposes AlphaFold2 internals. When coupled with Google Colab, ColabFold becomes a free and accessible platform for protein
folding that does not require any installation or expensive hardware.
Code: ColabFold is free open-source (MIT) [1] software available at https://github.com/sokrypton/ColabFold.
Contact: milot.mirdita@mpibpc.mpg.de, so@fas.harvard.edu, martin.steinegger@snu.ac.kr
I. INTRODUCTION

Predicting the three-dimensional structure of a protein
from its sequence alone remains an unsolved problem.
However, by exploiting the information in multiple sequence alignments (MSAs) of related proteins as raw input features for end-to-end training, AlphaFold2 [2] was
able to predict the 3D atomic coordinates of folded protein structures at an median GDT-TS of 92.4% in the
latest CASP14 [3] competition. The accuracy of many
of the predicted structures was within the error margin
of experimental structure determination methods. Many
ideas of AlphaFold2 were reproduced and implemented
in RoseTTAFold [4]. Thus, researcher now have access
to two open-source methods for high quality structure
prediction available.
An additional source of information and input to both
AlphaFold and RoseTTAFold are experimentally determined coordinates of related proteins, called templates.
Template information unexpectedly had only a minor effect on prediction quality ([2], see supplement). However,
template information is likely to help when diverse MSAs
cannot be built. Often only a few (∼30) suﬀiciently diverse sequences are enough to produce high quality predictions.
To build diverse MSAs, large collections of protein sequences from public reference [5] and environmental
[6, 7, 8] databases are searched by AlphaFold2 using the
sensitive homology detection methods HMMer [9] and
HHblits [7]. Due to the large database sizes and the
slow execution speed of the methods these searches can
take up to hours for a single protein. The large database
size of over two terabytes is an additional hurdle for researchers wanting to use AlphaFold2.
To enable researchers without powerful computecapabilities to use AlphaFold2 independent solutions
based on Google Colab were developed. Google Colab is a proprietary, hosted version of Jupyter Notebook
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[10], offering free compute resources, including powerful GPUs for machine learning applications, to loggedin users. Tunyasuvunakool et al. [11] developed an AlphaFold2 Jupyter Notebook for Google Colab (referred
to as Deepmind Colab), where the input MSA is built
by searches using only HMMer and a reduced set of
databases.
Here, we present ColabFold (see Fig. 1), a fast and easy
to use Jupyter Notebook for protein structure prediction,
for use in Google Colab or on researchers’ local machines.
To speed-up the full AlphaFold2 pipeline, we replace the
costly and slow input feature generation stage, with a
fast MMseqs2 API [12] call. Additionally, our system
supports structure predictions using RoseTTAFold [4],
homo- and hetero complex modeling as well as a large
array of power user options and exposed model internals.

II. MATERIALS AND METHODS

Features Implemented ColabFold has two main Notebooks: AlphaFold2_mmseqs2 for basic use that supports
protein structure prediction using (1) MSAs generated
by MMseqs2, (2) custom MSAs upload, (3) adding template information, (4) relaxing the predicted structures
using amber force fields [14], and (5) monomer complex
prediction. AlphaFold2_advanced for advanced users
additionally supports (6) MSA generation using HMMer (same as the Deepmind Colab), (7) the sampling
of diverse structures by iterating through a series of random seeds (num_samples), and (8) control of AlphaFold2
model internals, such as changing the number of recycles
(max_recycle), number of ensembles (num_ensemble),
and enabling the stochastic part of the models via the
(is_training) option.
MSA generation by MMseqs2 ColabFold sends the
query sequence to a MMseqs2 server [12]. It searches
the sequence iteratively against the consensus sequences
of the UniRef30, a clustered version of the UniRef100
[15]. We accept hits with an E-value of lower than 0.1.
For each hit, we realign its respective cluster member us-
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FIG. 1. (A) ColabFold sends a FASTA input sequence to a MMseqs2 server searching two databases (1) UniRef30 and the
(2) BFD/Mgnify clustered together at 30% sequence identity with three profile-search iterations each. The second database is
searched using a sequence-profile generated from the UniRef30 search as input. The server generates two A3M files containing
all detected sequences. (B) The A3M is provided as the MSA input feature for (by default) all five AlphaFold2 models. (C)
To help researchers judge the predicted structure quality we visualize MSA depth and diversity and show the AlphaFold2
confidence measures (pLDDT and PAE).

ing the profile generated by the last iterative search. We
use the UniRef30 sequence-profile to perform an iterative
against a clustered version of BFD [2, 7] and Mgnify [8].
Each cluster is expanded as before.
New MMseqs2 pre-computed index to support expanding
cluster members In [12] we previously implemented a
procedure to store all time-consuming-to-compute data
structures used for MMseqs2 searches to disk. If this file
is resident in the operating systems cache, calls the different MMseqs2 modules become near-overhead free. We
extended the index to store, in addition to the already
present cluster representative sequences, all member sequences and the pairwise alignments of the cluster representatives to the cluster members. With these resident in
cache, we eliminate the overhead of the remaining module calls.
Reducing size of environmental sequence database To
keep all required sequences and data structures in memory we needed to reduce the size of the environmental
databases BFD and Mgnify, as both databases together
would have required ∼517 GB RAM for headers and sequences alone.
BFD is a clustered protein database consisting of ∼2.2
billion proteins organized in 64 million clusters. Mgn-

fiy (2019_05) contains ∼300 million environmental proteins. We merged both databases by searching the Mgnify sequences against the BFD cluster representative sequences. Each Mgnify sequence with a sequence identity of >30% and a local alignment that covers at least
90% of its length is assigned to the cluster. All remaining sequences are clustered at 30% sequence identity and
90% coverage (--min-seq-id 0.3 -c 0.3 --cov-mode
1 -s 3) and merged with the BFD clusters, resulting
in 182 million clusters. In order to reduce the size of the
database we filtered each cluster keeping only the 10 most
diverse sequences using (mmseqs filterresult --diff
10). This reduced the total number of sequences from 2.5
billion to 513 million, thus requiring only 84 GB RAM
for headers and sequences.
Template information The full AlphaFold2 pipeline
searches with HHsearch through a clustered version of
the PDB (PDB70) to find the 20 top ranked templates.
In order to save time, we use MMseqs2 [16] to search
against the PDB70 cluster representatives as a prefiltering step to find candidate templates. Only the top 20
target templates according to E-value are then aligned
by HHsearch. ColabFold fetches these templates and a
subset of the PDB70 containing only the required HMMs
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FIG. 2. Anecdotal examples showcasing the capabilities of advanced ColabFold features. (A) Setting the homo-oligomer setting
to 6, allows modeling of the homo-6-mer structure of 4-Oxalocrotonate Tautomerase. Colored by chain, pLDDT (predicted
Local Distance Difference Test). The inter PAE (Predicted Aligned Error) between chains is very low indicating a confident
prediction. (B) Providing three different proteins with homo-oligomer setting of 2:1:2 allows modeling a hetero-complex with
mismatching symmetries of the D-methionine transport system. (C) For CASP target H1065, a hetero-dimer, only one of the
5 models returned is correct. Although the pLDDT is nearly identical (shown in color), the inter PAE is significantly lower
(meaning more confident) for the correct complex (rank 1 vs rank 2), demonstrating the utility of PAE (or derived pTMscore)
in ranking complexes. (D) Sometimes increasing the number of recycles can help find a confident and correct structure. For
this de-novo designed transmembrane protein [13], 15 recycles were needed.

for HHsearch from our server.
Custom MSAs ColabFold allows researcher to upload
their own MSAs. Any kind of alignment tool can be used
to generate the MSA. The uploaded MSA can be provided in aligned FASTA, A3M, STOCKHOLM or Clustal
format. We convert the MSA into A3M format using the
reformat.pl script from the HH-suite [17].
Modeling of protein-protein complexes Baek et al. [4]
show that RoseTTAFold is able to model complexes, despite being trained only on single chains. This is done by
providing a paired alignment and modifying the residue
index. The residue index is used as an input to the models to compute positional embeddings. In AlphaFold2, we

find the same to be true, although surprisingly the paired
alignment is often not needed. AlphaFold2 uses relative positional encoding with a cap at |i − j| ≥ 32. Meaning, any pair of residues separated by 32 or more are
given the same relative positional encoding. By offsetting the residue index between two proteins to be > 32,
AlphaFold2 treats them as separate poly-peptide chains.
The ColabFold Notebooks integrate this for modeling
complexes.
For homo-oligomeric complexes (See Fig. 2A), the MSA
is copied multiple times for each component. Interestingly, it was found that providing a separate MSA copy
(padding by gap characters to extend to other copies) to
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FIG. 3. (A) Comparison of ColabFold to Deepmind Colab using predictions of 20 free-modeling (FM) targets of CASP14. Each
target was evaluated for each individual domain (in total 28 domains). (B) Comparison of ColabFold to the full AlphaFold2
pipeline using the same benchmark as described in (A). (C) Length distribution of the targets versus the run-time of the MSA
generation stage for the 20 CASP14 FM targets for AlphaFold2 using HHblits/HMMer (dark blue), Deepmind Colab using
HMMer (light blue) and ColabFold using MMseqs2 (red).

work significantly better than concatenating left-to-right.
For hetero-oligomeric complexes (See Fig. 2B), a separate MSA is generated for each component. If the
user chooses the pair_msa option, we use the protocol
described in the RoseTTAFold paper to pair sequences
based on their distances in the genome as predicted from
the UniProt accession numbers. Since pLDDT is only
useful for assessing local structure confidence, we use the
fine-tuned model parameters to return the PAE for each
prediction. As illustrated in Fig. 2C, the inter PAE
(predicted aligned error) or the predicted TMscore (derived from PAE) could be used to rank and assess the
confidence of the predicted protein-protein interaction.
Avoid recompiling AlphaFold2 models The AlphaFold2
models are compiled using JAX [18] just in time compilation to optimize for specific input sizes. When no templates are provided, we compile once and, during inference, simply replace the weights from the other models,
using the configuration of model 5. This saves 7 minutes
of compile time. When templates are enabled, model 1
is compiled and weights from model 2 are used, model 3
is compiled and weights from models 4 and 5 are used.
This saves 5 minutes of compile time. If the user changes

the sequence or settings, without changing the length or
number of sequences in the MSA, the compiled models
are reused without triggering recompilation.
Recycle count AlphaFold2 improves the predicted protein structure by recycling (by default) 3 times, meaning
the prediction is fed multiple times through the model.
We added support to increase the recycle count as additional recycles can often improve a model at the cost
of a longer runtime. We also implemented an option to
specify a tolerance threshold to stop early. For some
designed proteins without known homologous sequences,
this helped to fold the final protein (see Fig. 2D).
Sampling of diverse structures To reduce memory requirements, only a subset of the MSA is used as input
to the model. The Alphafold2 pipeline, depending on
model configuration, subsamples the MSA to a maximum of 512 cluster centers and 1024 “extra” sequences.
Changing the random seed can result in different cluster
centers and thus different structure predictions. ColabFold provides an option to iterate through a series of random seeds, resulting in structure diversity. Further structure diversity can be generated by using the original or
fine-tuned (use_ptm) model parameters and/or enabling
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(is_training) to activate the stochastic (dropout) part
of model. Enabling the latter, can be used to sample an
ensemble of models for the uncertain parts of the structure prediction.

III. RESULTS

Benchmark with CASP14-FM targets We compared the
Deepmind Colab and the full AlphaFold2 system (commit
b88f8dacef5d94e4d3d49613d08523feb20caec1)
against ColabFold (see Fig. 3) using all 20 CASP14
[3] targets from the free-modeling (FM) category.
ColabFold uses UniRef30 (2021_06) [19]. Deepmind
Colab uses the UniRef90 (2021_03). Both use the same
Mgnify (2019_05) and the BFD. The full AlphaFold2
system uses the full_dbs preset and default databases
downloaded with the download_all_data.sh script.
The 20 targets contain 28 domains. We compared the
predictions against the experimental structures using
TMalign [20]. In Fig. 3 we show a scatterplot of the (A)
Deepmind Colab and the (B) full AlphaFold2 system,
each against ColabFold. ColabFold achieves a significantly higher TMscore for 4 targets for Deepmind Colab
and 2 for the AlphaFold2 system, while being much
faster (C). For the domain T1070-D1 the AlphaFold2
system (TMscore 0.67291) outperfoms ColabFold (TMscore 0.49698). The mean TMscores are 0.8010479,
0.7873939, and 0.7439582 for MMseqs2, AlphaFold2 and
the Deepmind Colab respectively.
Measuring time The full AlphaFold2 pipeline ran on
systems with 2x12 core Intel E5-2650v4 CPUs with 128
GB and a Nvidia K40 GPU, except for T1061, which
required more GPU RAM. This target ran on a system
with 2x24 core Intel Gold 6252 CPUs with 384 GB RAM
and a Nvidia Tesla V100/32G GPU. We extracted the
runtimes for the homology searches from the features
entry of timings.json file generated by the system. The
AlphaFold2 system restricts itself to 8 CPU cores for HMMer and 4 CPU cores for HHblits to process one query.
Deepmind Colab was executed in the browser using a
Google Colab Pro account. Times for homology search
were taken from the log output of the “Search against genetic databases” cell in the notebook. The JackHMMer
search uses 8 threads. MMseqs2 MSA times were measured on a system with 2x14 core Intel E5-2680v4 CPUs
and 768 GB RAM and computed from server logs. Each
generated MSA was processed by a single CPU-core.

IV. CONCLUSION

To accelerate scientific discovery in structural biology,
ColabFold makes advanced protein structure prediction
tools free and accessible to all via Google Colab.
Though Deepmind and the EBI plan to release predicted structures for all known protein representatives
[21], these will be limited to single chain predictions. Pre-

5

dictions of high quality will only be possible for protein
families with at least some sequence homologs. Thus,
structure quality will remain limited by the diversity of
the input MSAs for the foreseeable future. To find homologs for diﬀicult to annotate sequences, we are planning to extend the environmental database by adding
additional metagenomic sequences sets from across the
tree of life [22, 23, 24, 25, 26]. Users with specialized or
private sequence sources maybe able to boost the accuracy of the predicted structures by appending these to
ColabFold’s generated MSA.
ColabFold builds beyond the initial offerings of Alphafold2 by improving the sequence search, providing tools for modeling multi-chain homo- and heterocomplexes and exposing advanced functionality to sample alternative structures when data is limited.
In summary, ColabFold makes high quality protein structure prediction accessible and additionally provides novel
features to explore the full potential of AlphaFold2 and
RoseTTAFold.
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