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Abstract

We explore optimally training protein language models, an area of significant
interest in biological research where guidance on best practices is limited. Most
models are trained with extensive compute resources until performance gains
plateau, focusing primarily on increasing model sizes rather than optimizing the
efficient compute frontier that balances performance and compute budgets. Our
investigation is grounded in a massive dataset consisting of 939 million protein
sequences. We trained over 300 models ranging from 3.5 million to 10.7 billion
parameters on 5 to 200 billion unique tokens, to investigate the relations between
model sizes, training token numbers, and objectives. First, we observed the effect of
diminishing returns for the Causal Language Model (CLM) and that of overfitting
for the Masked Language Model (MLM) when repeating the commonly used
Uniref database. To address this, we included metagenomic protein sequences in
the training set to increase the diversity and avoid the plateau or overfitting effects.
Second, we obtained the scaling laws of CLM and MLM on Transformer, tailored
to the specific characteristics of protein sequence data. Third, we observe a transfer
scaling phenomenon from CLM to MLM, further demonstrating the effectiveness
of transfer through scaling behaviors based on estimated Effectively Transferred
Tokens. Finally, to validate our scaling laws, we compare the large-scale versions
of ESM-2 and PROGEN?2 on downstream tasks, encompassing evaluations of
protein generation as well as structure- and function-related tasks, all within less or
equivalent pre-training compute budgets.

1 Introduction

Scaling up transformer-based models has become a guiding principle for enhancing model perfor-
mance across broad domains, particularly in Natural Language Processing (NLP) [4, 12, 24, 64, 79]
and Computer Vision (CV) [20, 67, 89]. In recent years, large transformer-based Protein Language
Models (PLMs) such as PROGEN familiy [51, 61], ESM familiy [68, 47] and xTrimoPGLM [14]
have also been developed, which leads to significant improvements over model performance on
complex downstream tasks [27, 45]. Current language models utilize two main training objectives to
encode sequence information: the BERT-like [23] Masked Language Model (MLM) and the GPT-like
Causal Language Model (CLM) [11], each applied either separately or in a unified fashion. A
common understanding is that bi-directionally MLM excels in sample efficiency and shows enhanced
performance in downstream task fine-tuning. This is particularly true in tasks that emphasize under-
standing complex patterns, making it a prevalent learning objective in modeling protein sequences*
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[46, 14]. On the other hand, uni-directional CLM, due to its sequential generation ability, is better
suited for generating more coherent and realistic sequences compared to MLM [19, 61, 63].

However, training large protein language models (PLMs) are computational-intensive, and strategies
for optimally allocating compute budgets for training PLMs are relatively underexplorednvaisih

efforts focusing on scaling model parameters based on a xed set of training tokens to achieve
performance improvementé key insight B6, 42, 7€] is that large models should not be trained

to their lowest possible loss to optimize computing; instead, models and data should be scaled
proportionally based on available compute budgets. These scaling laws are broadly found in natural
language modelgIp, 36, 33, 2, 58, 78, 17, 90]. But their applicability has not been validated within
biological datasets, such as the primary structures of proteins, which are composed of amino acid
sequences forming protein chains. Unlike natural languages, protein sequences are scienti ¢ data that
are precisely represented using a vocabulary of 20 amino acids, with very little redundancy and are
not as semantically smooth. Thus, we consider such data as a distinct modality and ask the question:
What are the scaling behaviors for MLM and CLM in protein language modeling?

We focus on the best practices, which include revisiting datasets, optimization objectives, and model
parameters as key factors. Our goal is to investigate an optimal training scheme for protein language
models given predetermined compute budgets. Our core ndings are as follows:

» We revisited the protein sequence data used for training PLMs and collected a dataset of 194
billion unique tokens on 939M unique sequences from publicly available sources to address
the issue of over tting and perform plateau in protein language modeling.

* We nd that, in both MLM and CLM, training data scales sublinearly in the model sizes
but follow distinct power-laws. In other words, a 1Gncrease in compute leads to a 6
increase in MLM model size and a 70% increase in data, versusiactease in CLM
model size and a 3 increase in training tokens.

* We also nd that models trained with CLM can be transferred to MLM. When given
a predetermined amount of computation, and one wants to obtain both a CLM and a
MLM model, there is a trade-off in allocating the training token to each model to jointly
optimize the performance of the two. Interestingly, the allocation for CLM pre-training was
determined by the scaling law of CLM and MLM, and the Effectively Transferred Tokens
D; from CLM to MLM. Furthermore, we verify this method experimentally using a 470M
model and ne-tuning on downstream tasks.

« Building on our scaling strategies, we re-allocate of model size and training tokens under the
compute budgets of established PROGEN2-xlarge and ESM-2 (3B) setups. Consequently,
with the same compute budgets, we trained two corresponding models, one with 7.2B
parameters and the other with 10.7B parameters, which exhibited enhanced performance in
a diverse range of downstream tasks.

2 Scaling up data

First, we explore the effects of training PLMs across multiple epochs under token scarcity conditions.
We then introduce a dataset, UniMeta200B, used throughout this work. This dataset enhancement
alleviates the challenge of insuf cient training for protein language models.

2.1 A Data-hungry Observation

Using the UniParc database with 250 million protein sequences, research or6BStdws that

the datasets UR50/S and UR50/D, with 45M and 65M unique sequences respectively, outperform
Uniref100 in perplexity (PPL) on a ~670M parameter MLM model. These datasets contain ~15B and
~20B unique amino acid tokens. The ESM-2 family models, ranging from 150M to 15B parameters,
are trained extensively with nearly 1 trillion tokens over 45 epochs on the UR50/D dataset. In
observing the scaling of ESM-2 models, it becomes apparent that increasing model size to 15B
parameters from 3B shows marginal improvement. On the other hand, contemporary LLMs are often
trained for only one or a few epoch4d, 36, 79, 80, 11]. The repetition of data with limited unique
tokens has diminishing returns and hinders scaling model 64§, 58, 70]. This underscores

the importance of using rich datasets for training large-scale language models to ensure robust
performance across applications. We evaluated models with 150M and 3B parameters on the UR50/S
dataset, trained on 200B tokens, as shown in Figure 1. We focus on the Independent and Identically



Figure 1:Learning curves for UR50/S and UniMeta200B Training loss and validation PPL, OOD

test PPL, were tracked over 200 billion training tokens for both the 150M and 3B models. As we
scaled the model from 150M to 3B, we observed diminishing returns on CLM (First line) and a
tendency to over t on MLM (Second line) when repeating the Uniref50 (UR50/S) dataset. We totally
evaluate 3 repeating methods on MLM 3B models, all of which present over tting (see Appendix B).

Distributed (IID) validation and Out-Of-Distribution (OOD) test PPL, which measures the model's
randomness in amino acid selection. For our OOD dataset, we utilized the MMseqs2Zool [

to conduct searches within the UniRef90 database for sequences post-training dataset timestamp,
retaining those witmo detectablédentity. From these, a random sample of 3,000 sequences was
selected to constitute the OOD dataset. Notably, we do not adopt dropout regularization, a practice
that often reduces model capacity and is infrequently used in contemporary 143} his choice

is consistent with recent LLM con guration ndings [38], including ESM-2 [47].

The results show the 150M model lacks good generalization while increasing to a 3B model resulted
in diminishing returns for CLM and severe over tting for MLM. Principally, the bidirectional self-
attention mechanisms used in MLM have a higher capacity to over t compared to the unidirectional
self-attention used in CLM. This is because MLM can utilize the entire context surrounding a masked
token, leading to faster memorization of the training data.

2.2 Expanding Diversi ed Metagenomic Data

To te}ckle the challenge of data
scarcity, we leveraged the Colabraple 1:The Pre-training data, aggregates various public

FoldDB databasesf], which focuses sources and speci es sampling proportions for a single epoch

on metagenomic data sources SUG training on 194 billion unique amino acids.
as BFD [], MGnify [57], and spe-

ci ¢ eukaryotic and viral datasets in- patasets Prot. Seq. Tokens (AAs) Samp. Prop.
cluding SMAG PR2], MetaEuk §4],

i 0,
TOPAZ[J, MGV[S9, andGPD LS. iCiotiey  jopm 3708 19.5%
We applied a stringent deduplication ColabFoldDB 208M 37.7B 19.5%
process with a maximum similarity cojabFoldDB, 575M 103B 52 5%
threshold of 0.3 to preserve the diver- Totg 939M 194B -

sity of the protein universe. Given that
the Uniref90 dataset has proven most

effective for pre-training across various Uniref clustering levels per ESMe4)y \ve incorporated
Uniref90/50 (Before 2022-12), which includes incremental data relative to Uniref50/S representatives.
ColabFoldDRB and ColabFoldDB play dominant roles within the dataset, corresponding to cluster
representatives and members, respectively. To ensure uniformity during training, we allocate weights
within each batch to allow each amino acid token to be evenly processed through the model. This
dataset, termed UniMeta200B, contains 939 million unique protein sequences and 194 billion amino
acids, which is an order of magnitude larger than UR50/D. We observed signi cant improvements
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