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Abstract

We present CELL-E 2, a novel bidirectional transformer that can generate images
depicting protein subcellular localization from the amino acid sequences (and vice
versa). Protein localization is a challenging problem that requires integrating se-
quence and image information, which most existing methods ignore. CELL-E 2
extends the work of CELL-E, not only capturing the spatial complexity of pro-
tein localization and produce probability estimates of localization atop a nucleus
image, but also being able to generate sequences from images, enabling de novo
protein design. We train and finetune CELL-E 2 on two large-scale datasets of
human proteins. We also demonstrate how to use CELL-E 2 to create hundreds
of novel nuclear localization signals (NLS). Results and interactive demos are fea-
tured at https://bohuanglab.github.io/CELL-E_2/.

1 Introduction

Subcelllular protein localization is a vital aspect of molecular biology as it helps in understanding the
functioning of cells and organisms [1]. The correct localization of a protein is critical for its proper
functioning, and mislocalization can lead to various diseases [2]. Protein localization prediction
models have typically relied on protein sequence data [3, 4] or fluorescent microscopy images [5, 6]
as input to predict which subcelleular organelles a protein would localize to, designated as discrete
class labels [7, 8]. The CELL-E model was markedly different in that it utilized an autoregressive
text-to-image framework to predict subcellular localization as an images [9], thereby overcoming
bias from discrete class labels derived from manual annotation [10]. Furthermore, CELL-E was
capable of producing a 2D probability density function as an image based on localization data seen
throughout the dataset, yielding more a far more interpretable output for the end user.

Although novel, CELL-E was inherently restricted by the following limitations:

Autoregressive Generation. Alongside other autoregressive models [11–14], CELL-E was lim-
ited by slow generation times and unidirectionality. When provided with input, CELL-E required a
separate step for each image patch (256 for the output image composed of tokens of size 16 × 16).
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This slow image generation severely limits the ability of CELL-E to perform a high-throughput
mutagenesis screening.

Unidirectional Prediction. The unidirectional nature of CELL-E allowed for predictions to be
made in response to an amino acid sequence, however it may be of interest to biologists to make
predictions of sequence given a localization pattern. Such capability would be advantageous for
those working in a protein engineering domain [15, 16]. One could imagine a researcher wanting
to know the optimal localization sequence to append to a protein on either the N or C terminus [17]
while maintaining essential function within an active site region, as well as reducing the chance of
off-target trafficking.

Limited Dataset. CELL-E utilized the OpenCell dataset [18], a relatively small dataset. Vision
transformers often require large amounts of data to make robust predictions [19], however a small
dataset was utilized in the original model. This led to a degree of overfitting and prediction bias
based on the limited diversity in localization patterns of the original dataset.

Present Work. As in CELL-E, our method CELL-E 2 is able to generate accurate protein local-
ization image prediction as illustrated in Fig. 1, but it differs from CELL-E by employing a non-
autoregressive (NAR) paradigm which improves the speed of generation. Similar to CELL-E, we
retrieve embeddings from a pre-trained protein language model and concatenate these with learned
embeddings corresponding to image patch indices coming from a nucleus (a subcellular organelle
containing DNA [20]) image and protein threshold image encoders (Fig. 2). We then apply masking
to both the amino acid sequence as well as the threshold image in an unsupervised fashion, and
reconstructed tokens are predicted in parallel, allowing for generation in fewer steps. This also al-
lows for bidirectional prediction, (sequence to protein threshold image or protein threshold image
to sequence). Additionally, to improve the predictive performance we utilize a larger corpus of data,
the Human Protein Atlas (HPA) [21] in pre-training to expose the model to a higher degree of local-
ization diversity, and finetune on the OpenCell dataset [18], which better represents natural protein
localization because it is acquired from live instead of fixed cells. We explore multiple strategies
towards finetuning which serves to generally inform task-specific refinement text-to-image models
in Section 5.3.

2 Related Work

2.1 Protein Language Models

Embeddings from unsupervised protein language models can be used to predict and analyze the
properties of proteins, such as their structure, function, and interactions [22]. By exploring the hid-
den patterns and relationships within these sequences, protein language models can help to advance
our understanding of the complex world of proteins and their roles in various biological processes.
Masked language modelling has been particularly successful. Ankh [23], ProtT5 [24], ProGen [25],
ESM-2 [26], and OmegaFold [27] are examples of recent models which use masked langauge ap-
proaches. Embeddings from ESM-2 and Omegafold in particular have been used for structural
prediction, indicating hierarchies of information beyond the primary sequence contained in the em-
beddings [28].

2.2 Protein Localization Prediction

Protein localization prediction via machine learning is an emerging field that uses computational
algorithms and statistical models to predict the subcellular spatial distribution of proteins [29]. This
is an essential task in biology, as the subcellular localization of a protein plays a crucial role in
determining its function and interactions with other proteins [30, 31] The prediction of protein lo-
calization is performed by analyzing protein sequences, amino acid composition, and other features
that can provide clues about their subcellular location. Machine learning algorithms are trained on
large datasets of labeled proteins to recognize patterns and make predictions about the subcellular
location of a protein. This field has the potential to improve our understanding of cellular processes,
drug discovery, and disease diagnosis.
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Figure 1: Localization predictions from CELL-E 2 (HPA Finetuned (Finetuned HPA
VQGAN)_480) on randomly chosen validation set proteins from the OpenCell dataset. All images
feature the Hoescht-stained nucleus image as a base. The “Original Image” column shows the fluo-
rescently labelled protein from the dataset. The “Thresholded Label” shows pixels greater than the
median value. This serves as the ground truth for the model during training. “Generated Image” is
the image specifically predicted by CELL-E 2 and is compared against the thresholded ground truth
image. “Predicted Distribution” is the latent space interpolation of the binary threshold image tokens
which uses which utilizes the output logits of CELL-E 2. See Fig. S1 for colorbars corresponding to
all plots in this work.

Recently, attention-based methods have demonstrated the ability to predict localization from a se-
quence [32], enabling the use of long context information when compared to convolutional-based
counterparts [33–35]. These methods, however, predict localization as discrete classes rather than
as an image. CELL-E, on the contrary, does not utilize existing annotation and provides a heatmap
of the expected spatial distribution on a per-pixel basis [9]. This approach enables learning at scale
by eliminating the bottleneck of manual annotation while also circumventing label bias.

2.3 Text-to-Image Synthesis

Recent gains in the text-to-image field have have largely been made by autoregressive models [11,
13], which correlate text embeddings with image patch embeddings, as well as diffusion models,
[14, 36–39], which condition on sentence embeddings to gradually synthesize images from random
noise.

3




	Introduction
	Related Work
	Protein Language Models
	Protein Localization Prediction
	Text-to-Image Synthesis

	Datasets
	Methods
	Amino Acid Sequence Embeddings
	Image Tokenization
	Input Masking Strategy
	Base Transformer
	Finetuning

	Results
	Protein Localization Image Prediction Accuracy
	Masked Sequence In-Filling
	Finetuning

	Discussion
	CELL-E Comparison
	De novo NLS Design

	Conclusion & Future Work
	Acknowledgments.

