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Abstract. Understanding protein functions enables deciphering
cellular mechanisms and improving healthcare outcomes, from dis-
ease diagnosis to targeted therapy. We present GOMIX, an ensem-
ble learning method for predicting the functions of newly discovered
proteins, packaged within an easy-to-use web application. By com-
bining seven complementary base predictors–including sequence ho-
mology and protein language models, GOMIX achieves competi-
tive or state-of-the-art performance in the CAFA-3 challenge. Un-
like existing solutions, GOMIX is entirely open-source, modular,
and computationally low-resource. The code is publicly available at
https://github.com/disi-unibo-nlp/gomix (MIT License).

1 Introduction

Proteins serve as the building blocks and functional drivers of all
living organisms. They take on diverse roles, from serving as cata-
lysts in biochemical reactions to providing structural support within
cells and tissues. However, exponential growth in protein discovery
has outpaced our capacity for experimental verification of their func-
tions.2 Developing computational techniques for automated protein
function prediction (PFP) is crucial to gain insight into biological
processes and advance healthcare innovation.

To organize known functions and foster accessibility, bio-curators
devised the Gene Ontology (GO) [3], referencing information found
in academic papers. GO is structured as three distinct directed
acyclic graphs, each representing a different aspect of protein biol-
ogy: Molecular Function Ontology (MFO), Biological Process On-
tology (BPO), and Cellular Component Ontology (CCO). Formally,
the PFP task involves mapping a given protein to valid GO terms.

In this work, we propose a Stacked Ensembling Learning method
for PFP, termed GOMIX. Mechanically, we fuse the predictions of
a set of classifiers, from conventional methodologies to protein lan-
guage embeddings. GOMIX is trained to correlate protein data with
GO functions and is evaluated on a popular dataset constructed ac-
cording to CAFA standard practices [32]. In a CAFA competition,
participants aim to predict the functions of a specific set of target
proteins, which are then compared against experimental annotations
released after the deadline. Comparative analyzes and ablation stud-
ies reveal the effectiveness of GOMIX, while elucidating the con-
tribution of each component. We openly release the code and pro-
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tries, considerably less than the >200M protein sequences discovered [5].

vide a web application where users can input a protein sequence and
obtain confidence-sorted scores for each GO term. This tool facili-
tates the rapid function determination for previously unseen proteins,
potentially expediting the research process for scientists. Moreover,
GOMIX is inherently flexible and, beyond the classifiers explored in
this demo paper, can be readily extended by the community to ac-
commodate new predictive strategies as they emerge.

2 Related Work

Protein function predictors Early methods relied on sequence
similarity, juxtaposing input proteins and known sequences under
the assumption that proteins with matching amino acids likely ex-
hibit shared functions [1, 14]. Although efficient, they fail in the
cases of convergent evolution or distant homologues. Alternative ap-
proaches include analysis of evolutionary relationships and genomic
context [25], protein-protein interaction (PPI) nets [7], and struc-
tural characteristics [24]. The growing scale of multimodal, biomed-
ical data requires methods for large-scale knowledge extraction, of-
ten complicated by decentralized storage [22, 23]. Deep neural net-
works autonomously extract pertinent features from raw sequence
data and discern patterns and latent relationships from vast datasets.
They have been applied to cross-organism transfer [10], annota-
tion discovery thorugh random perturbations [9], and literature-based
GO term assignment [8]. DeepGO [20] integrates protein sequences
and the STRING PPI graph, merging 1D convolutional representa-
tions of amino acids with node embeddings. DeepGOPlus [19] ex-
tends DeepGO with a sequence similarity search, bypassing the need
for PPI data. DeepText2GO [29] computes the consensus between
sequence-based and text-based techniques, augmenting dense pro-
tein representations with vectorized scientific publications. In re-
cent years, ensemble methods that amalgamate multiple informa-
tion sources have shown significant promise, exemplified by GO-
Labeler [30], NetGO 2 [28], and PANDA2 [31]. Nevertheless, their
implementation is closed, and the explored features (e.g., term fre-
quency, amino acid trigrams, and biophysical properties) overlook
representations from advanced protein language models (PLMs).

Protein language embedding The past two years have witnessed
remarkable success in the application of transformer-based language
models to protein sequences [11, 16, 27]. The embeddings produced
by self-supervised PLMs, such as ESM2 [21] and ESM3 [15], encap-
sulate protein structure at the 2D and 3D levels, as well as residue-
residue contacts, sequence homology (shared evolutionary ancestry),
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Figure 1: GOMIX architecture.

and physicochemical properties (e.g., polarity, hydrophobicity). No-
tably, proteins with similar structure or function, yet differing in se-
quence, tend to exhibit proximity in terms of linear vector arithmetic.

3 Method

GOMIX is composed of seven base learners, whose predictions are
utilized by a meta-learner to determine a score for each target GO
term within the training data (Figure 1).

3.1 Base Learners

Our framework incorporates established classifiers from previous re-
search [19], namely Naive and Diamond Score, which focus on se-
quence homology. In addition, we introduce four novel strategies in-
spired by case-based reasoning principles [4]. Each base learner out-
puts a [0, 1] confidence score for each protein-GO term pair.

(1) Naive GO terms are assigned based on the frequency of annota-
tions observed in the training data. For each query protein p and GO
term f , the predicted score is Nf/Ntotal, where Nf is the number of
proteins labeled with f , and Ntotal is the number of dataset proteins.

(2) Diamond Score The Diamond tool [4] is a high-speed alter-
native to the BLAST algorithm [2], designed to identify proteins in
a database similar to a given query protein q. For each match, Dia-
mond reports a bitscore, which quantifies sequence similarity while
remaining independent of query length and database size. To predict
whether q is associated with a given GO term f , we normalize the
sum of bitscores from all similar sequences identified by Diamond:

∑
p∈D bitscore(q, p) · I(f ∈ Tp)

∑
p∈D bitscore(q, p)

Here, D is the set of proteins with a significant similarity to q, filtered
using an e-value threshold of 0.001. Tp denotes the known GO anno-
tations for protein p; the indicator function I equals 1 if the term f is
among them, 0 otherwise. This component allows PFP to be guided
by the aggregate evidence of multiple homologous sequences.

(3) Interaction Score This classifier exploits PPI data from the
STRING network [26], which unifies known and predicted PPIs from
various sources such as experimental data, computational predic-
tions, and public text collections. For a given query protein q, the
prediction score for a GO term f is calculated based on the annota-
tions of proteins that interact with q, weighted by their confidence:

∑
p∈S w(q, p) · I(f ∈ Tp)

∑
p∈S w(q, p)

S is the set of proteins that interact with q as identified by STRING.
w(q, p) indicates the probability that the interaction between proteins
q and p is biologically meaningful, based on supporting evidence.

(4-5) Embedding Similarity Score We compute embeddings
for query protein sequences using models from the ESM family–
ESM2 (15B) and ESM3-open (1.4B). PFP relies on k-nearest neigh-
bor search, with cosine similarity used to measure proximity be-
tween query and training proteins. This approach is motivated by
the hypothesis that proteins with similar embeddings are likely
to share functional characteristics. Scalable retrieval is enabled by
FAISS [18], which partitions the embedding space to reduce time
and memory costs. To improve robustness, particularly when k is
large, we apply a reweighting scheme to the cosine values, prevent-
ing marginal neighbors from exerting disproportionate influence. For
a given GO term f , the prediction score is defined as:

∑
p∈E cos_sim(q, p) · I(f ∈ Tp)

∑
p∈E cos_sim(q, p)

E is the set of the top k = 256 proteins in the training set with the
highest cosine similarity to q.

(6) Fully Connected Model on Protein Embeddings Multilayer
perceptron (MLP) network with ∼220M parameters, designed to
take ESM-3 embeddings as input and output prediction scores across
all GO terms. The architecture consists of seven linear layers, each
followed by batch normalization [17] and ReLU as non-linearity.

(7) Graph Neural Network on STRING PPIs Graph neural net-
works (GNNs) provide a differentiable state transition mechanism to
condense structured biological networks into low-dimensional node
representations. We employ a two-layer GraphSage model [13], com-
prising ∼795M params, to operate over a graph constructed from
STRING. In this discrete representation, each node describes a pro-
tein and is initialized with its ESM-3 embedding, while edges encode
functional or physical interactions derived from STRING. The output
layer applies a sigmoid activation function to produce independent
probabilities for each GO term, enabling multi-label classification.
The model is trained using binary cross-entropy loss.

3.2 Meta-Learner

The meta-learner consists of multiple independent linear regressors,
each dedicated to predicting a specific GO term. Each regressor is
implemented as an ordinary least squares linear model, tasked with
learning an optimal combination of outputs from the base learners for
its assigned term. In this way, the meta-learner captures term-specific
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Table 1: GOMIX dataset details and results averaged across proteins within each ontology.

(a) Dataset statistics.

Type Count

Proteins
Training 65,028
Testing 1,788

GO Terms

MFO 6,232
BPO 19,760
CCO 2,410

Leaf Terms 14,225
Non-Leaf Terms 14,177

(b) Test set performance comparison. Bold and underline denote the best and second-best scores.

Method Fmax (↑) Smin (↓) AUPR (↑)
MFO BPO CCO MFO BPO CCO MFO BPO CCO

♦ Naive 0.304 0.318 0.605 12.112 38.890 9.646 0.146 0.214 0.542
♦ Diamond Score 0.550 0.440 0.625 8.617 34.027 7.945 0.375 0.257 0.395
♦ Interaction Score 0.406 0.421 0.644 11.214 35.911 8.175 0.332 0.352 0.626
♦ Embedding Similarity Score (ESM-2) 0.579 0.471 0.705 8.698 33.631 7.513 0.549 0.425 0.747
♦ Embedding Similarity Score (ESM-3) 0.599 0.491 0.722 8.056 30.413 6.933 0.598 0.442 0.766

♦ FC on protein embeddings 0.531 0.450 0.690 9.734 34.859 7.933 0.440 0.361 0.700
♦ GNN on PPI & embeddings 0.435 0.361 0.606 11.108 38.407 8.914 0.336 0.233 0.545
UDSMProt 0.582 0.475 0.697 8.787 33.615 7.618 0.548 0.422 0.728
DeepText2GO 0.627 0.441 0.694 5.240 17.713 4.531 0.605 0.336 0.729
GOLabeler 0.580 0.370 0.687 5.077 15.177 5.518 0.546 0.225 0.700
DeepGOPlus 0.585 0.474 0.699 8.824 33.576 7.693 0.536 0.407 0.726
PANDA2 0.598 0.478 0.709 9.670 40.229 9.558 0.564 0.436 0.744

GOMIX: Naive + *Score 0.601 0.498 0.728 8.217 29.620 6.098 0.604 0.444 0.747
GOMIX: full 0.604 0.498 0.732 8.251 29.850 6.048 0.601 0.436 0.738

↑ The higher, the better ↓ The lower, the better ♦ GOMIX components

weighting patterns, allowing it to modulate the relative contribution
of each base learner according to its informativeness for that func-
tion. The total number of trainable parameters in the meta-learner
amounts to NL × NC , where NL is the count of base learners and
NC is the number of distinct GO terms in the training annotations.

4 Experiments

4.1 Dataset and Evaluation Metrics

We evaluated GOMIX on the 2016 dataset provided by DeepGO-
Plus [19], which is compliant with the time-delayed CAFA-3 crite-
ria [32]. Proteins with experimental annotations preceding Jan 2016
are included in the training set, while those obtained between Jan
2016 and Oct 2016 are allocated to the test set. We propagated anno-
tations considering the True Path Rule [12]: if a GO term is annotated
to a protein, its ancestor GO terms are also annotated to that protein.
We train base learners in a subset (80%) of the train set, and the meta-
learner in the left-out split (20%). Because models output confidence
scores rather than binary labels, evaluation proceeds by thresholding
scores to obtain discrete per-protein predictions. We sweep thresh-
olds over [0, 1) with a step of 0.01 and calculate the CAFA metrics
by varying them: Fmax (maximum F1 attainable), Smin (minimum
semantic distance between actual and predicted GO labels), AUPR
(area under the precision-recall curve [6]).

4.2 Results

The results obtained after three training epochs are delineated in Ta-
ble 1, head-to-head compared to previous solutions and individual
base components. We find that PLMs contribute significantly to over-
all performance. The ensemble of base learners (1-5) achieves gen-
eralization performance that is remarkably close to the full system.
Given that the remaining components are long to train and VRAM
demanding, restricting the ensemble to the first five modules offers
a substantial gain in efficiency. Inference on the entire test set using
this reduced ensemble takes only 389 seconds.

5 Demonstration

We provide an interactive web-based system to use GOMIX (Fig-
ure 2). Users are guided to input the amino acid sequence in FASTA
format and choose the base learners for direct prediction or compar-
ison. Function scores are estimated and presented in a panel, sorted
by confidence level, along with a link to GO nodes. Broadly, our

tool empowers users to anticipate the functional characteristics of
proteins, including those recently uncovered where no additional in-
formation is available apart from their sequence.

AlphaFold ID: Q9HFF4

Figure 2: GOMIX web application.

6 Conclusion

In this demonstration paper, we present GOMIX, an open-source
tool for protein function prediction. GOMIX follows a lightweight
architecture that combines the output of multiple classifiers leverag-
ing heterogeneous knowledge sources. We hope that our work will
promote accessibility to biomedical research. In the future, we will
integrate 3D structure-aware base learners grounded on AlphaFold-3.
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