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Abstract

Microbial growth dynamics contain rich information about microbial populations, which support

applications from antibiotic testing to microbiome engineering. However, the high dimensionality

of growth data and the scarcity of large, task-specific datasets have limited generalizable

modeling analysis across systems. Here, we develop a foundation model for microbial growth

dynamics. It is a large-scale, self-supervised representation model trained on ~370,000

experimental and simulated growth curves spanning diverse microbial species, environmental

conditions, and community contexts. The model learns lower-dimensional latent embeddings

that capture essential dynamical features of raw growth data and enable accurate reconstruction

of these data. The concise representations enhance predictive performance in diverse

downstream applications. Using these embedding, we achieve few-shot learning for antibiotic

classification and concentration prediction, accurate forecasting of simulated and experimental

communities, and inference of total abundance from relative-abundance data. By extracting

transferable representations from heterogeneous datasets, our model provides a general

framework for analyzing and predicting microbial community dynamics from limited

measurements.
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Introduction

Microbial growth dynamics are rich in information about how microbial populations behave and

interact. For example, growth curves contain information to both identify different strains and

predict antibiotic resistance of clinical isolates [1]. A single optical density curve is sufficient to

estimate interaction parameters between two strains [2]. Additionally, by predicting microbial

consortia dynamics, researchers can design clinically relevant consortia with desired metabolite

profiles [3]. Despite their importance, growth dynamics are difficult to generalize across

experimental systems and conditions. Variations in strain/species background, assay

configuration, and environmental conditions lead to high-dimensional and heterogeneous data

that exhibit alternative steady states and abrupt changes to composition [4].

High-dimensional data like these growth dynamics often reside on a lower-dimensional

manifold, because many observed features are correlated or redundant [5], [6], [7]. Recent

studies show that microbial growth curves can be encoded into lower-dimensional vectors using

variational autoencoders, and these embeddings not only allow us to reconstruct the original

growth curves but also serve as effective inputs for downstream analyses [8], [9]. Further,

microbial growth dynamics are predicted by mapping inputs, such as initial cell densities, ODE

parameters, or experimental conditions, to these lower-dimensional vectors [8]. Building on this

foundation, we sought to construct a large-scale, generalizable model that learns the universal

statistical structure of microbial growth, analogous to how foundation models in other biological

domains capture universal relationships within protein sequences [10], genomes [11], or

single-cell transcriptomes [12].

Here, we define a foundation model for microbial growth dynamics as a large-scale,

self-supervised representation model trained on heterogeneous microbial time-series data to

learn generalizable embeddings transferable across tasks and systems. In contrast to models
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tailored for specific experiments, a foundation model captures shared properties of microbial

dynamics, potentially enabling predictions where data are sparse or difficult to standardize.

Similar strategies have transformed other fields. For example, the protein foundation model

ESM-3 is used to design novel proteins, which simulates evolution [10]. Similarly, the DNA

foundation model Evo is trained on genomes and is used to generate functional proteins [11].

Further, the single-cell RNA sequencing foundation model scBERT is trained on RNA sequence

databases and can be used to effectively classify different cell types in new samples [12]. We

reason that microbial time-series data are likely amenable to such scalable representation

learning.

Building a foundation model requires a sufficiently large dataset. Training specific models for

tasks in microbial consortia can be inhibitive based on the number of combinations and

availability of data [13], [14]. However, there is sufficient data available to train a broadly

applicable foundation model. Between high-throughput robotics and collecting previously

created growth curves, we curated an extensive dataset on microbial growth [15], [1], [16], [17],

[18], [19], [20], [21], [22], [23], [24], [25], [26]. Generating longitudinal studies of microbiota is

becoming easier with more access to sequencing technology, and we can collect many of these

datasets [4], [27], [28]. Training on broad, diverse datasets leads to better predictive outcomes

in downstream tasks [29]. Foundation models have seen a vast array of data, such that they can

then be applied to smaller datasets which may be insufficient to train a new model on their own

[12], [29].

In this study, we compiled ~370,000 microbial growth trajectories across multiple species,

growth conditions, and community contexts, including both clonal and consortial dynamics. We

trained a variational autoencoder on this dataset to learn a compact, low-dimensional latent

representation of growth curves. We show that the model accurately reconstructs growth
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dynamics, generalizes to new datasets, and improves prediction accuracy in data-sparse

regimes. Specifically, the model enables few-shot learning for antibiotic classification and

concentration prediction, forecasting of microbial consortia dynamics, and inference of total

abundance from relative-abundance data. By unifying heterogeneous microbial growth

measurements within a shared latent framework, this work establishes a scalable,

self-supervised model that serves as a foundation for quantitative prediction and interpretation

of microbial population dynamics.

Results

Experimental data collection and preprocessing

We collected 306,417 experimental growth curves to build our foundation model. These data

consist of:

● Time courses run in a plate reader for a duration of 12 to 40 hours [Fig 1A]

● Continuous cultures run using high-throughput robotics, where the bacteria receive a

continuous flow of media throughout the experiment [Fig 1B]

● Longitudinal microbiome studies where the composition is sequenced on a given

interval, such as daily over the course of weeks or months [Fig 1C]

While E. coli is the most abundant species in our collected data, the dataset also includes other

lab strains, clinical isolates, and natural gut and saliva microbiota, as detailed in the Methods

section and supplemental information. We collected both published and unpublished growth

data, and we provide a sample of different growth trajectories from the different sources [Fig

1D]. For the plate reader and continuous culture experiments, most of the data contains

between 100 to 150 time points, so we selected an input size of 128 time points for our model.

Generally, most of the dynamics occur in the first 12 to 20 hours of an experiment. In many
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cases the experiments were at a steady state by 128 time points. For many of the microbiome

datasets, the data were collected on a daily basis. 128 days of growth contain different

dynamics than the 12 to 40 hours of growth in the plate readers, so we interpolated the data to

bring them to similar scales, despite the diversity of the dynamics. We perform this

preprocessing such that our machine-learning model will have consistent input across different

experiment types. Details regarding data truncation, interpolation, and preprocessing are

included in the Methods section.

Generation of simulated data

We augmented our experimental data with the simulations of three mathematical models:

● A modified logistic equation

● A generalized Lotka-Voterra (gLV) model with dispersal

● An antibiotic treatment model

The modified logistic equation [Eq 1] stems from the traditional logistic equation and includes

additional modifying terms to better replicate the behavior observed in experimental plate reader

data, as shown in our previous studies [8], [9], [16]. These modifications account for both

empirical growth patterns and background optical density from media, which are not addressed

by the standard logistic model. This adaptation enables the simulated data to more closely align

with experimental growth curves.

The gLV model with a dispersal term [Eq 2, 3] was adopted from Hu et al. [30]. It has been

shown to readily generate highly complex dynamics, including chaotic dynamics. We chose the

parameters to allow the generation of such complex dynamics.
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The antibiotic treatment model [Eq 4-13], based on the work of Ma et al., simulates the

dynamics of β-lactam resistant bacteria [16]. It incorporates interactions between resistant and

sensitive bacterial populations, as well as the effects of β-lactam antibiotics and β-lactamase

inhibitors.

We provide a sample of different growth trajectories from these simulations [Fig 1E].

Training and evaluating models for universal representation of microbial growth

dynamics

Previous work in our lab determined that microbial growth dynamics can be encoded in a

lower-dimensional space using machine learning models, such as autoencoders [8]. Here, we

developed a foundation model to learn latent representations of microbial growth dynamics. We

considered different model architectures, such as custom variational autoencoders, custom

transformers, and principal components analysis [Supp Info]. Additionally, we tested the impact

of different latent dimensions, ranging from 2 to 32. Based on the results from our analysis, we

selected a single model to focus on for the remainder of the paper: the custom variational

autoencoder, Autoencoder7X (A7X) with 8 latent dimensions.

A7X encodes 128-time-point curves into an 8-dimensional latent vector, and then decodes the

latent vector to reconstruct the original curve [Fig 2A]. Training a variational autoencoder

involves computing the mean squared error for the growth curve reconstruction and the

Kullback-Leibler divergence loss to enforce a normal latent space distribution. During training,

random noise is applied to the 8-dimensional latent vector, with the KL divergence ensuring a

Gaussian distribution.
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We trained our models on a large, diverse dataset: after preprocessing the input data, we used

306,417 experimental and 69,674 simulated growth curves. We decided to supplement the

experimental with simulated curves, because including the simulated curves allowed for higher

reconstruction of the experimental data for most of the latent dimension sizes [Supp Fig S1]. We

trained the model using a training set that consists of 80% of the data for the project (300,872

curves), and 20% was withheld for testing (75,219 curves). Using A7X, the reconstruction of the

training data has a coefficient of determination of 0.991, while the testing data is 0.988 [Fig 2B].

The model can accurately reconstruct a broad array of the data [Fig 2C]. We have included

more examples in the supplemental material [Supp Fig S2].

We visualize this distribution by encoding all of the curves in our collection and applying

t-distributed stochastic neighbor embedding to present the vectors in a 2D display. For each of

the four overarching data types - clonal simulation, consortia simulation, clonal experiment, and

consortia experiment - we visualized where the curves from those data types exist in the 2D

display [Fig 2D].

We find that different model configurations can perform better on different tasks, so the best

architecture can depend on a specific application [Fig 2E]. We chose to use a variational

autoencoder, because we want accurate reconstructions of growth curves. To select the number

of latent dimensions, we used both established statistical methods for estimating intrinsic

dimensions, as well as empirical results from our training process. Using the Maximum

Likelihood Estimator (MLE) proposed by Levina and Bickel, we estimate the intrinsic dimension

of our entire dataset to be 5.6 [7]. As discussed in their paper, estimating intrinsic dimensions is

not exact, and the estimated dimension can vary depending on the sample size and parameters

used [7]. The estimated intrinsic dimensions vary greatly depending on the complexity of the

data, and we see estimates of 1 to 2 for simple growth curves and 8 to 10 for complex or noisy
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datasets. Therefore, we balance this overall estimate with our empirical observations after

testing various dimensions across different models. We selected 8 dimensions based on the

accuracy of reconstruction. Latent dimensions below 8 significantly reduced the reconstruction

accuracy, while latent dimensions greater than 8 did not add additional benefit to the

reconstruction [Supp Table ST5]. The accuracy of the reconstruction is higher when the data

come from a less complex dataset, and the accuracy is lower when the data come from a more

complex dataset [Supp Fig S3].

Classifying antibiotic treatment and predicting antibiotic concentration

Few-shot learning is an approach that takes a learned embedding from a foundation model and

applies it to a specific problem set [12], [31]. Few-shot learning is especially relevant in microbial

biology, because data sparsity is a common problem [13], [14]. Therefore, it is useful to be able

to build predictive models using small datasets. We hypothesized that at lower training sizes,

the foundation model representation of the curves would outperform the raw growth data. We

hypothesized this, because the foundation model reduces the curves to a lower dimension

manifold that both reduces noise in the experimental data and emphasizes the key

characteristics of the growth curves.

To explore this application, we used a dataset generated by antibiotic resistance work in our lab.

This dataset consists of 6,924 growth curves. 672 came from experiments growing E. coli

TOP10F in different media conditions and initial cell densities [Supp Fig S4]. 5,100 came from

experiments growing E. coli Keio strains in different antibiotic treatments [Supp Fig S5]. 1,152

came from E. coli MG1655 strains grown in different antibiotic treatments [Supp Fig S6]. In our

first application, our objective was to classify the type of antibiotic used. In our second

application, we predicted the concentration of the antibiotic. For each task, we used a single test
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dataset, but we adjusted the size of the training dataset to compare the impact of data sparsity

on the ability to accurately classify with both the raw curves and the latent vectors.

We trained a classification model to predict which antibiotic was used based on the growth

curve data [Fig 3A]. As an input, we used the OD600 curves from the data. We extracted the

latent vectors by encoding the curves with Autoencoder7X (A7X). We trained two separate

classification models using either the raw curves or the latent vectors as input, and we predicted

the antibiotic used. The latent vectors are normalized to a maximum value of one before

encoding, so the raw maximum value of the growth curve is appended to the latent vector to

give an input vector of 9 dimensions. For this task, we used 4,890 growth curves. These were

the OD600 readings for the experimental conditions that had antibiotics added. We used 20%,

978 curves, as the test dataset. For training, we used anywhere from 1% to 80% of the data, 48

to 3,912 curves. We did this with fivefold cross-validation, such that each curve was part of the

test dataset in one of the folds. The classification accuracy for the classifier using the latent

vectors was higher than the raw data at every training size, and they got closer together with

more training data [Fig 3B]. This means that with less data the latent vectors provided more

accurate classifications than the raw data.

We trained a regression model to predict the concentration of antibiotic used in an experiment

based on the growth curve data [Fig 3C]. As an input, we used the OD600 curves from the data.

We extracted the latent vectors by encoding the curves with A7X. We trained two separate

regression models using either the raw curves or the latent vectors as input, and we predicted

the antibiotic used. For this task, we used 6,156 growth curves. There were more curves in this

task, because we included conditions with no antibiotics added. We used 20%, 1,232 curves, as

the test dataset. For training, we used anywhere from 1% to 80% of the data, 61 to 4,924

curves. We did this with fivefold cross-validation, such that each curve was part of the test
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dataset in one of the folds. The prediction accuracy was higher using the latent vectors than the

raw data at every training size, and they got closer together with more training data [Fig 3D].

This was consistent with our hypothesis that less training data will benefit more from the use of

the foundation model, but large enough datasets will be sufficient for training the regression

model without latent representations. Additionally, we compared the performance of different

model architectures and latent sizes on the antibiotic prediction tasks [Supp Fig S8, Supp Table

ST6, Supp Table ST7].

Classifying antibiotic resistance from cell density curves

Bacterial growth curves contain sufficient information to predict phenotypes such as antibiotic

resistance to ampicillin–sulbactam (SAM), ciprofloxacin (CIP), trimethoprim–sulfamethoxazole

(SXT), and gentamicin (GM), as shown in previous work from our lab [1]. Predicting these

phenotypes from growth data is meaningful, because 1) genotypes do not have a direct linkage

to phenotypes, so WGS is insufficient for making these predictions and 2) we can use a simple

OD600 growth curve which does not require testing different antibiotics individually [1]. In

previous work from our lab, Baig et al. trained a variational autoencoder end-to-end on a subset

of these curves, and by embedding the derivatives of the curves they were able to classify the

resistance more accurately than with the raw data [8]. Following their work, we performed a

similar task of classifying the resistance of bacteria based solely on their OD600 growth curves.

Instead of taking the derivative of the curve, we used the blank-corrected data as the input.

There were 4,432 growth curves in this dataset [Supp Fig S7]. The dataset consisted of 277

clinical isolates with 4 growth conditions, and each experiment had 4 replicates. Of the 277

strains, 42 are resistant to none of the antibiotics, 47 are resistant to 1, 114 are resistant to 2, 45

are resistant to 3, and 29 are resistant to all 4. We used a training size of 80% of the data

randomly separated, so the training dataset was 3,324 curves and the test dataset was 1,108
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curves. We did this with fivefold cross-validation, such that each curve was part of the test

dataset in one of the folds. We tested 2 different input configurations to predict the resistance:

raw 128-time-point curves and 8-dimensional latent vector from Autoencoder7X (A7X)

foundation model encoding [Fig 3E]. The latent vectors are normalized to a maximum value of

one before encoding, so the raw maximum value of the growth curve is appended to the latent

vector to give an input vector of 9 dimensions. No information about the strains or growth

conditions were included in the model.

For each of four types of antibiotics, we ran our training pipeline to classify whether a given

strain was resistant or sensitive to the antibiotic. The results are reported as the F1 score, which

is a balance of precision, the ability to avoid false negatives, and recall, the ability to identify all

of the positives. We found that for two of the antibiotics, SAM and CIP, the latent vectors

outperformed the raw data [Fig 3F]. For the other two antibiotics, SXT and GM, the latent

vectors and raw data are comparable [Fig 3F]. The foundation model provides the benefit of

having seen many more growth curves than what is available in this study, and this is why its

latent vectors are able to meaningfully represent the growth curves in this sparse dataset.

Additionally, we compared the performance of different model architectures and latent sizes on

the antibiotic prediction tasks [Supp Fig S8, Supp Table ST8, Supp Table ST9, Supp Table

ST10, Supp Table ST11].

Forecasting simulated microbial community dynamics

Microbial consortia are found everywhere in nature: from human saliva, skin, and guts to soil or

the ocean [4], [27], [28]. Researchers often want to predict the behavior of microbial consortia to

understand the impact on things like metabolite production in the gut [3]. While understanding

how an entire microbial consortia operates can be important, in many cases we are only

interested in a few key members of the consortia. For example, when examining complex
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microbial consortia, we typically focus on a few key strains, such as the infectious gut pathogen

Clostridioides difficile and the inhibitory strains Clostridium scindens and Clostridium hiranonis

[32]. In this case, we can modify our dataset to focus on the key members of a consortium and

omit the background strains and consider their influence as background noise. Using our

foundation model, we can represent this community in a lower dimensional vector and predict its

dynamics and behavior into the future.

For this application, we are using a dataset which consists of 150 different consortia [Supp Fig

S9]. These consortia were generated using two different variations of the generalized

Lotka-Volterra model. The first is the dispersal variation [Eq 2, 3] used by Hu et al. [30]. The

second is the bounded version [Eq 14] published from our lab [33]. These models result in both

stable and chaotic behavior. Each of the consortia was originally run with 20 to 100 members in

the community. From these original simulations, 2 to 10 focal members were selected for the

analysis. Each consortia was simulated 10,000 times, unless stated otherwise, and we split the

data randomly into 8,000 curves for the full training set and 2,000 curves for the test set. In each

simulation, the initial quantities of the focal populations were randomized. For some of the

consortia, the background communities had the same initial quantities in each simulation, and in

others they were randomized. From the 8,000 curves in the training set, we randomly selected

smaller training sizes of 20, 100, 200, 1,000, and 4,000 curves. On each of our 6 training

datasets, we performed fivefold cross-validation to train 5 separate models, and we report the

mean values from the results of these models. All final metrics are measured on the original test

set with 2,000 curves.

To demonstrate the utility of our model, we selected two of these consortia to analyze. The first

community is our simple community with 3.0 estimated intrinsic dimensions. This consortium

was generated using 20 background strains, and we randomly selected 5 members as the focal
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community. The second community is our complex community with 6.0 estimated intrinsic

dimensions. This consortium was generated using 100 background strains, and we randomly

selected 8 members as the focal community.

We hypothesize that these curves have sufficient content to predict future behavior of the

consortium. We designed a pipeline to train a regression model to use 128 time points to predict

the 128 time points [Fig 4A]. For each of the input configurations, the curves were stacked such

that the input to the regression model with M communities x 128 or 8, respectively. We tested 2

different input configurations.

1) Raw 128-time-point curves

2) 8-dimensional latent vector from Autoencoder7X foundation model encoding plus

maximum value of raw curve for a total size of 9 dimensions

Inspired by the success of GraphCast and Lam et al. in forecasting weather [34], we use our

regression models to forecast microbial consortia behavior into the future. We use an initial seed

of 128 time points, and then we predict the next 128 time points by using the latent vector as the

target value. We then append the predicted results to the initial seed, and slide the window to

use the updated prediction as the input for the next segment [Fig 4B].

For the simple consortium, we are able to accurately forecast into the future [Fig 4C]. To

demonstrate the utility of the foundation model at lower training data sizes, we used the training

dataset with 800 curves. To generate the accuracy metrics, we used each of the 5 models from

the fivefold cross-validation and used them to forecast the 2,000 curves from the test dataset.

The reported metrics are the mean values of these 5 forecasts. The accuracy of the prediction is

high with a coefficient of determination above 0.995 and RMSE below 0.022 for both raw curves

and latent vectors. For the complex consortium, we forecast all the members into the future [Fig
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4D]. The forecast accuracy decreases over time, but the latent vectors provide better accuracy

further into the future compared to the raw curves as inputs. We have included more examples

in the supplemental material [Supp Fig S10].

Forecasting  experimental microbial community dynamics

While predicting simulated consortia is a useful exercise, being able to predict real-world

microbial consortia is a much more meaningful task. For this task, we use the microbiome

experiments completed by Fujita et al. on their natural microbial communities [4]. This dataset is

useful in our analysis, because they have 48 unique experiments. The experiments are

completed using 2 different source microbiomes in 3 different media types with 8 replicates each

[Fig 5A].

One challenge with collecting microbiome data is the quality of the data. Species and members

in a consortia that are lower in abundance are harder to measure, so we only use members that

are above a certain abundance for this task. For each of the 6 experimental conditions, there

were anywhere from 6 to 77 strains present in the experiment. For each condition, we selected

2 to 18 members that were present in all 8 of the replicates [Supp Fig S11]. We treat these as

our focal communities within the larger consortia. We applied eightfold cross-validation and

used each of the replicates as the test set for each round of validation [Fig 5B]. This allows us to

measure the average performance of prediction on the community instead of relying on a single

sample.

Similar to the simulated consortia, we designed a pipeline to train a regression model to predict

the next segment of points based on the previous 128 time points [Fig 5C]. For each of the

configurations, the curves were stacked such that the input to the regression model with M

communities x 128 or 9, respectively. We tested 2 different configurations.
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1) Input of latent vector plus maximum raw value to predict latent vector plus maximum raw

value of the next 128 time points

2) Input of raw curve to predict raw curve of the next 128 time points

As with the simulated consortia, we forecasted the behavior of the focal communities [Fig 5D].

We use an initial seed of 128 time points, and then we predict the next 128 time points.

Forecasting the experimental consortia is more difficult than the simulated consortia, and we

find that despite the latent to latent prediction outperforming the raw to raw prediction, the

minimum RMSE value across all the experiments is 0.177 [Fig 5E]. We have all examples in the

supplemental material [Supp Fig S12].

We expand this application to a task that is useful in analyzing microbial consortia: predicting

abundance in the future. For all the communities, we used the first 128 time points to predict

which species would have an abundance above 10% at the final time point. In other words, we

use the first 14 days worth of interpolated data to predict the species abundance 96 days later

[Fig 5F]. We find that the latent input outperforms the raw input in 5 of the 6 experimental

conditions [Fig 5G].

Predicting absolute abundances from relative abundances

In microbiome research, we are generally interested in understanding the composition of

microbial consortia [35]. A common way to derive composition is to use amplicon sequencing,

such as 16S rRNA, which provides relative abundance of different members of a consortium

[36]. However, these measurements lack information about total microbial abundance, which is

critical for understanding ecological dynamics, host-microbe interactions, and community

stability [35], [37], [38]. We hypothesize that temporal patterns in relative abundance data

contain sufficient information to infer total abundance dynamics. Furthermore, we propose that
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foundation models trained on diverse microbial growth dynamics could extract features from

these temporal patterns, and these features enable more accurate predictions than using raw

relative abundance data alone.

To test our hypothesis, we generated two distinct synthetic datasets, each containing 10,000

simulated microbial communities with 20 species tracked over 128 time points. The first dataset

modeled community dynamics using a gLV variant that incorporated logistic growth, saturating

positive interactions, and density dependent negative interactions [33]. The second dataset was

based on a classical generalized Lotka-Voltera model with strong intraspecific competition and a

weak uniform dispersal term, designed to capture more complex and potentially chaotic

dynamics. Both models used randomly sampled interaction parameters to create diverse

community behaviors, with initial conditions drawn from a Dirichlet distribution to ensure varied

compositional starting points at low total biomass. From each absolute abundance trajectory

generated by these models, we computed relative abundances by normalizing by the total

community abundance at each time point, creating paired datasets where the task was to

predict total abundance from relative abundance profiles.

For each sample, we used the complete trajectory of relative abundances across all species (20

species × 128 time points) as input to predict the corresponding total abundance at each time

point. We compared two input representations:

1) Raw 128-time-point curves of relative abundance data for each of the 20 members [Fig

6B]

2) 8-dimensional latent vector from Autoencoder7X foundation model encoding plus

maximum value of raw curve for a total size of 9 dimensions for each of the 20 members

[Fig 6A]
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We implemented multi-layer perceptron (MLP) regression models to predict total abundance

from the input features. Both models directly predicted 128-dimensional output vectors

corresponding to total abundance at each time point, using mean squared error as the loss

function. Critically, for the latent representation approach, we bypassed the foundation model's

decoder: the MLP predicted total abundance directly from the compressed latent features

without reconstructing back to the original data space. This design allowed us to test whether

the latent representations captured dynamics-relevant information sufficient for prediction,

independent of reconstruction accuracy. We trained both models using fivefold cross-validation

across varying training set sizes (1% to 80% of data), implementing early stopping based on

validation loss to prevent overfitting [Fig 6A, Fig 6B].

The results demonstrate that foundation model latent representations consistently outperform

raw relative abundance data across both dynamical regimes. For the GLV without dispersal

dynamics, the latent representation achieved superior performance across all training set sizes

[Fig 6E]. The GLV with dispersal dynamics showed the same patterns [Fig 6C]. The foundation

model's compressed latent space (9 dimensions) capture more generalizable dynamical

features that are transferred effectively to the prediction task compared to the high-dimensional

raw input space. We observe similar trends for RMSE: latent features consistently outperform

raw data for both GLV with dispersal [Fig 6D] and GLV without dispersal [Fig 6F]. This finding

supports our hypothesis that foundation models pre-trained on diverse microbial dynamics

extract robust, transferable features that enable better generalization than raw temporal

patterns, with consistent advantages across both simple and complex dynamical regimes.

Discussion

Microbial growth trajectories are among the most fundamental and widely measured descriptors

of population behavior. Yet, despite decades of data, the lack of a unified analytical framework
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has limited our ability to compare, interpret, or predict growth dynamics across species,

environments, and community contexts. Here, we introduce a foundation model for microbial

growth dynamics. This model is a large-scale, self-supervised representation model that learns

the shared statistical structure of microbial time series from heterogeneous datasets. The

resulting latent representations capture key dynamical features, which enable accurate

reconstruction, transfer across experimental systems, and improve performance in downstream

predictive tasks.

Our model builds on the recognition that microbial dynamics, while high-dimensional in their raw

form, lie on a low-dimensional manifold. Previous studies have established this empirically

within the context of specific systems and conditions [8], [9]. Our current study extends that

insight to a far broader scale, integrating hundreds of thousands of experimental and simulated

trajectories to reveal the universal structure underlying microbial population dynamics. This

generalization represents a conceptual advance: rather than fitting a single mechanistic model

to each system, we train a single data-driven model that captures the statistical essence of

microbial growth across systems and conditions.

Similar to protein or transcriptomic foundation models, which learn universal embeddings from

large-scale biological data, our model distills microbial time-series behavior into compact latent

variables that can be reused for diverse applications, including classification, forecasting, and

inference, from limited or noisy measurements.

The success of this framework reflects both biological and statistical regularities. Biologically,

microbial populations often exhibit stereotyped phases of lag, exponential growth, and

saturation, which constrain the effective dimensionality of the system. Statistically, these

constraints allow a deep encoder-decoder architecture to learn transferable representations that
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summarize population-level behavior. The emergent low-dimensional structure suggests that

microbial growth, despite the complexity of underlying physiology, can be effectively

characterized by a small set of latent variables.

The model, along with the training, can be revised and expanded in multiple ways. More data

can be included in the training process. This would involve sourcing from across all publications

to include as much data as possible, and continuing to collect data from our colleagues and

collaborators. Different model architectures could allow for more flexibility, or may perform better

in different tasks. The requirement for 128 time points requires truncation or interpolation, which

is one potential limitation in this approach. Designing a model to take an input of any size would

allow for more flexible applications. Additionally, actual time between samples is not a focus in

this study. Future versions of this model should include a time component that allows the model

to interpret specific time points from experiments. This could overcome some of the limitations

we saw with trying to represent experiments with 5-minute gaps between data in the same

model as daily readings from the gut. Finally, future versions could incorporate categorical data,

such as strain information, media type, and experimental conditions, so the model could learn

how these known factors influence growth.

Beyond microbiology, our work highlights the broader potential of large-scale, self-supervised

learning to extract interpretable and generalizable representations of biological dynamics. The

ability to encode population behavior into transferable latent features provides a bridge between

data-driven discovery and mechanistic modeling, complementing rather than replacing explicit

models of growth, metabolism, and ecological interaction. By establishing a unifying latent

framework for microbial time series, our study offers a conceptual and practical foundation for

predictive microbiology, where data collected in one context can inform inference, design, and

control in another.
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Methods

Plate reader experiments

Plate readers are used to measure optical density and fluorescence over time. Optical density

corresponds with the biomass of the cells in the plate wells. Fluorescence is a combination of

fluorescence output per cell and the number of fluorescent cells. The general protocol is as

follows. Cells were inoculated the night before the plate reader experiment began and grew to

stationary phase. The next morning, the cells were diluted and added to media and chemical

combinations according to the specific experimental protocol. These mixtures were added to

plates, which were placed in the plate reader. The plate reader maintained an experimental

temperature, such as 37°C. Every 5 to 10 minutes, as specified by the experiment, the plates

were shaken and then measurements were taken. This resulted in growth curves as measured

by optical density and fluorescence. The exact experimental conditions, including media,

treatments, temperatures, inoculum densities, etc., varied depending on the data source, and

further details can be found in the Supplemental Information.

Continuous culture experiments

Continuous culture experiments were completed using liquid handling robots. There were two

methods used for these experiments: turbidostats or basic kinetic experiments. The

high-throughput turbidostats were bacterial wells continuously fed with media. The real-time

feedback allowed the robot to adjust the flow to the turbidostat based on the measurements of

the growth of the cells, which enabled calculating the growth rate of the cells. A detailed

protocol on the implementation of this system can be found in the publication from Chory et al.

[39].
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Microbiome experiments

Microbiome experiments are conducted by sampling microbiome communities and running

sequencing to quantify the abundance of each of the members in the community. We used four

different collections of microbiome data in our study.

1) Microbiomes were collected from natural samples and experimented with different media

conditions [4]. We used the data directly from the published article.

2) Gut and saliva samples [27].

3) Our lab has previously developed a collection of bar-coded Keio strains, and we used

experimental data from communities of these strains [33], [40].

Experimental data preprocessing

All original growth curves are available in the supplemental data. While many of the growth

curves were previously published, this study also includes new growth curves generated under

various configurations, as described in the supplemental material [Supp Table ST12].

For plate reader and continuous culture datasets with more than 128 time points, we truncated

the data after 128. For experiments with less than 128 time points, we interpolated to fill in the

missing data. We interpolated time courses from the plate reader using linear interpolation.

Microbiome datasets presented additional challenges due to their longer timescales. To address

this, we segmented the microbiome data into 16-day chunks. Missing data points were

interpolated using a Gaussian Process instead of linear interpolation, as Gaussian Processes

produced smoother, organic shapes that better captured the expected trends in these datasets.
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The data were combined into a single dataset of 376,091 curves. The data were split into a

training set of 80% of the curves and a test set of 20% of the curves. We split the data by

iterating through the dataset and randomly splitting every 1,000 curves into 800 for training and

200 for test, so that each dataset was properly represented in each group.

Simulation using a modified logistic equation

Our lab developed a modified logistic equation to address the limitations of the traditional logistic

equation, which does not adequately replicate growth curves from plate readers [8], [16]. Plate

readers are subject to background optical density from the media as well as the secondary

growth stages. To better fit the logistic function to experimental data, we introduced two

modification constants: k and 𝜃.

In the following equation, the variables are as follows:

● n is the cell density

● tlag is the lag time

● 𝛼 is the cell growth rate

● nmax is the carrying capacity

● k is a modification constant

● 𝜃 is a modification constant

Simulation parameters are provided in the supplemental data [Supp Table ST1].

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 3, 2025. ; https://doi.org/10.64898/2025.12.01.691707doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.01.691707
http://creativecommons.org/licenses/by/4.0/


Simulating community dynamics

To generate dynamics with varying complexity (including chaotic dynamics), we used a

generalized Lotka-Volterra model with dispersal, as published by Hu et al. [30]. The model was

chosen for its ability to capture complex, dynamic interactions within microbial communities.

Specifically, we focus on chaotic interactions, because they provide more examples of cells with

changing cell density, as opposed to the examples with stable steady states.

In the following equations, the variables are as follows:

● n is the cell density

● A is the interaction matrix

● D is the dispersal rate

● ai,j is the interaction of species i with species j

● M is the number of members in the population

Simulation parameters are provided in the supplemental data [Supp Table ST2].

Simulating growth dynamics in response to β-lactam treatment

To simulate antibiotic resistance, we used the β-lactam resistance model described by Ma et al.

[16]. This model employs ordinary differential equations to capture the dynamics between

resistant and sensitive cells and their response to β-lactam antibiotics and β-lactamase

inhibitors.

In the following equations, the variables are as follows:
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● ns sensitive cell density

● nr resistant cell density

● s nutrient concentration

● a antibiotic concentration

● b β-lactamase concentration

● g growth rate

● l lysis rate of cells

● 𝛾 lysis rate by antibiotic

● 𝛼 cost of β-lactamase production

● 𝛽 benefit of β-lactamase production

● 𝜉 nutrient recycling

● 𝜑 antibiotic degradation by living cells

● i β-lactamase inhibitor concentration

● db effect of β-lactamase inhibitor on β-lactamase

● c private benefit

● 𝜅b antibiotic degradation by β-lactamase

● da basal antibiotic degradation

● ha Hill coefficient for antibiotic

● hi Hill coefficient for inhibitor

● 𝜄 effect of β-lactamase inhibitor on β-lactamase

Simulation parameters are provided in the supplemental data [Supp Table ST3].
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Simulation using a bounded generalized Lotka-Volterra

To generate consortia bounded between values of 0 and 1, we used a generalized

Lotka-Volterra model, as published by Wu et al. [33]. The model was chosen for its ability to

generate meaningful consortia dynamics.

In the following equations, the variables are as follows:

● n is the cell density

● 𝜇 is the growth rate

● 𝜎 is the environmental stress

● 𝛾+ is the positive interaction matrix

● 𝛾- is the negative interaction matrix
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Simulation parameters are provided in the supplemental data [Supp Table ST4].

Foundation model formulation

Our custom variational autoencoder, Autoencoder7X (A7X), consists of 7 encoding layers and 8

decoding layers. For the encoder, the first 6 layers are convolution layers which convolutes the

128-time-point curve to a 128 x 8 vector. The vector is then fed into the final layer of the

encoder, which consists of using a linear layer to reduce the vector to the latent dimension size

8. During training, this final layer of the encoder consists of both a mu linear layer that calculates

the mean values of the latent vector, and a logvar linear layer that applies random noise to the

mean. Therefore, each input corresponds to a continuous latent range, and not a single value.

This noise is regularized to a Gaussian distribution using the Kullback-Leibler divergence loss.

During evaluation, only the mu layer is used to compute the latent vector. The decoder

architecture reverses the encoder. It first takes the 8-dimensional latent vector and passes it

through a linear layer. Then, it performs 7 transposed convolutions to output a 128-dimensional

vector. The decoder is made up of 8 layers. The first layer is a linear layer which receives the

latent vector as the input. The remaining layers are transposed convolution layers. The last layer

outputs the reconstructed growth curve. The losses were calculated using both mean squared

error and Kullback–Leibler divergence. For each model architecture, we used Optuna to identify

optimal hyperparameters [41]. Optuna is a framework developed to optimize hyperparameters in

machine learning tasks.
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Antibiotic data preprocessing

For each of the three antibiotic tasks, 1) classifying treatment, 2) predicting concentration, and

3) classifying resistance, we want to compare how the latents and raw curves perform on

different size data sets. We take our initial dataset, and split it into 80% training data and 20%

test data. From there, we subset the training data to create smaller training datasets to see how

the models perform with less training data. For each type of input, we train a model to predict

either the specific value (regression) or category (classification). We then compare the accuracy

of the models on a test dataset withheld from training.

Simulated consortia data generation and preprocessing for testing ML-based forecasting

150 consortia were simulated using the chaotic consortia model [30] and the bounded

generalized Lotka-Volterra model [33] [Supp Fig 9A]. The consortia were generated with a total

number of members, and from that a subset were selected as focal members [Supp Fig 9B].

Each consortia had 10,000 simulations. In all of the simulations the focal community initial cell

densities were randomized. In some of the simulations the background strain starting cell

densities were randomized, but in the remaining the starting cell densities were fixed. Using the

maximum likelihood estimator [7], we estimated the intrinsic dimensions for each of the

consortia and selected 2 for our analysis: a simple consortium with 3 estimated intrinsic

dimensions and a complex consortium with 6 estimated intrinsic dimensions [Supp Fig 9C]. The

simple community had 5 focal members with 15 background strains, and the data were

generated using the bounded generalized Lotka-Volterra model. The complex community had 8

focal members with 92 background strains, and the data were generated using the chaotic

consortia model.

Experimental consortia data preprocessing for testing ML-based forecasting
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We used a dataset generated by Fujita et al. to predict consortia behavior over time [4]. The

dataset had 3 different media conditions and 2 different source microbial consortia, resulting in 6

different experiment conditions. For each of the 6 experiment conditions, they ran 8 replicates.

They took daily readings for 110 days, and each of the experiment conditions had anywhere

from 28 to 144 strains. However, not all the strains were present in each of the replicates, so for

each experiment condition we selected a focal community consisting of the strains that were

present across all 8 replicates. This resulted in focal communities ranging from 2 to 18 members

[Supp]. For each of the 6 experiment conditions, we performed eightfold cross-validation to train

our models. With each fold, one of the replicates was used as a test dataset and the training

was completed on the other 7 replicates. Due to the fact this data is daily readings, we

interpolate the data. We linearly interpolated the 110 time points to 1,024 time points, resulting in

approximately 13.75 days of data per 128 time points.

Consortia prediction and forecasting using ML

The pipeline for consortia prediction and forecasting was the same for both the simulations and

the experimental data. We generated datasets by taking 128 time point windows from the data

and predicting the next 128 time points. We predicted all focal members of the consortia

simultaneously, so the input and output vectors were of shape M number of members x 128 time

points. For each member, the 128 time point window is encoded into its latent representation,

and we include the maximum value from the window. This results in input and output vectors of

shape M x 9.

We trained two separate regression models: one using the raw curves and one using the latent

vectors. For the raw curves, we flattened the input and output to change them from shape M x

128 to 128M x 1. For the latent vectors, we flattened the input and output to change them from

shape M x 9 to 9M x 1. We then used these flattened vectors to train the regression models.
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To forecast into the future, we used the trained regression model. We begin with a seed of the

first 128 time points from a simulation. Then, we iteratively predicted the next 128-time-point

chunk and slid the window of the input. This allows us to forecast indefinitely into the future from

an initial seed.

Each consortia was individually trained on its own regression models. To characterize the

forecast accuracy of the model we consider the root mean square error (RMSE) over time.

RMSE is used for the forecasting task, because its units match the underlying consortia. It is

considered over time, because this allows us to analyze for how long the predictions are

accurate.

Consortia final abundance classification using ML

For the experimental consortia, we wanted to predict whether the final abundance for each of

the members would be above or below 0.1. To do this, we took the first 128 time points, which

equated to approximately 14 days, and trained a classifier to predict whether each member of

the consortium would be above or below 0.1 in the final time point, 96 days later. Similar to the

forecasting, we predicted all members of the consortia simultaneously, so the input vectors were

of shape M number of members x 128 time points and the binary output vectors were of shape

M x 1. For each member, the 128 time point window is encoded into its latent representation,

and we include the maximum value from the window. This results in input and output vectors of

shape M x 9.

We trained two separate classification models: one using the raw curves and one using the

latent vectors. For the raw curves, we flattened the input to change them from shape M x 128 to
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128M x 1. For the latent vectors, we flattened the input to change them from shape M x 9 to 9M

x 1. We then used these flattened vectors to train the classification models.

Each consortia was individually trained on its own classification models. We used classification

accuracy to report the results, which reports the fraction of the samples that were correctly

classified.
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Figures

Figure 1. Overview of datasets used to train our model.

A) Sample growth curve using OD values from a plate reader.

B) Sample growth curve using OD values from a continuous culture reactor.

C) Sample growth curves using fractions of strains from a microbiome.

D) Experimental growth curves (306,417 curves) were primarily from OD plate readers,

automation-enabled continuous cultures, and longitudinal microbiome sequencing. Our

data comes from experimental clonal populations (1-24) and experimental consortia

(25-28).

E) Simulated growth curves (69,674 curves) from clonal populations (29, 30) and microbial

consortia (31).
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Figure 2. Encoding microbial growth dynamics in a low-dimensional latent space. Our

variational autoencoder (Autoencoder7X) compresses a 128-point growth curve into an

8-dimensional latent vector and reconstructs the original curve with high accuracy.

A) Schematic of the encoder-decoder architecture used to learn latent representations.

B) Reconstruction accuracy for the training and test data. The training dataset is 80% of the

total data. The test dataset is 20% of the total data. The model has a coefficient of

determination of 0.991 for the training data and 0.988 for the test data. The training and

test datasets are 300,872 growth curves x 128 time points and 75,219 growth curves x

128 time points, respectively, which results in 38.5M and 9.6M data points total. For

visualization, we randomly selected 100,000 data points from each dataset to display in

the scatter plots.

C) Examples of original and reconstructed growth curves from our different datasets.

D) Visualization of the 8-dimension vectors in 2D by applying t-distributed stochastic

neighbor embedding. Different latent values represent different types of growth curves.

We visualized where the curves exist in the latent representation for each of the four

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 3, 2025. ; https://doi.org/10.64898/2025.12.01.691707doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.01.691707
http://creativecommons.org/licenses/by/4.0/


overarching data types: clonal simulation, consortia simulation, clonal experiment, and

consortia experiment.

E) Evaluation of different model architectures and latent dimensions. The custom variational

autoencoders, Autoencoder7X (A7X), Multi-layer perceptron Network Model (MNM), and

Variational autoencoder Bottleneck (VB), have the highest reconstruction accuracy with

latent dimensions below 16. Above 16, the principal components analysis reducer (PR)

has similar reconstruction accuracy. The transformer architecture, microBERT curve

reducer (MCR), does not perform as well, which is to be expected since the transformer

is not trained to learn reconstruction, rather it is trained to learn missing data.
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Figure 3. Latent representations enable accurate prediction of antibiotic responses even

with a small training sample size.

A) Dataset of 6,924 growth curves from E. coli strains exposed to different antibiotics and

media. In this example, we predicted which type of antibiotic was used to treat the

bacteria using only the growth curve as the input.

B) Classification of antibiotic type. The latent vectors outperformed the raw curves at every

training size, especially under limited data.

C) Using the same collection, we also predicted the concentration of antibiotics used to

treat the bacteria.
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D) Prediction of antibiotic concentration by regression. The latent vectors outperformed the

raw curves at every training size, especially under limited data.

E) Classifying strains. Previous studies in the You lab compared the classification of

antibiotic resistance by comparing phenotypes, such as growth curves, against

genotypes. Generally, they found using growth curves provided more accurate

classifications of strains than the genotypes, even when the growth curves were

embedded to a lower dimension [1], [8]. The input data for this task is OD600 readings

without any added antibiotics for 277 different clinical isolates, with 4 replicates each in 4

different media conditions, resulting in 4,432 curves. For each antibiotic, we train a

classifier on either the raw curves or latent vectors, and we predict whether the cell is

resistant to the given antibiotic. Unless otherwise specified, we used the extra-trees

regressor and classifier from scikit-learn [42].

F1 score for the classifier on each of the antibiotics. With ciprofloxacin (CIP), the latent

vectors outperform the raw curves at 7 of the 9 training sizes. With ampicillin–sulbactam

(SAM), the latent vectors outperformed the raw curves at every training size. With

trimethoprim–sulfamethoxazole (SXT) and gentamicin (GM), the latent vectors

outperform the raw curves at 6 of the 9 training sizes. With gentamicin (GM), the latent

vectors outperform the raw curves at lower training dataset sizes, but both cases

struggle to identify all the GM samples.

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 3, 2025. ; https://doi.org/10.64898/2025.12.01.691707doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.01.691707
http://creativecommons.org/licenses/by/4.0/


Figure 4. Forecasting simulated microbial community dynamics using latent

representations.

A) Workflow for training a regression model for forecasting. We defined 150 consortia and

simulated 10,000 curves for each consortium. The consortia each contained 20 to 100

members. For each consortium, we selected M (= 2 to 10) members for our analysis

(see Methods for details). From the simulated data, we use 128xM time points to predict

the next 128xM time points. We tested two different conditions for this task: 1) using the

raw data to predict the raw data and 2) using the latent representation of the input to

predict the latent representation of the output. For the latter, our pipeline consists of

training the regression model by providing the input curves, encoding to the latent

representation, training the regression model to predict the latent representation, which

is then decoded into the future 128 time points. We split the 10,000 curves into 8,000 for

the training dataset and 2,000 for the test dataset.
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B) Iterative forecasting using the trained regression model. Using a single input of the first

128 time points from the simulation, we predict the remaining 640 time points. The

regression model is trained to take 128 time points and predict the next 128 time points.

Therefore, we use points 1 to 128 to predict 129 to 256. Then, we use the newly

predicted 129 to 256 to predict 257 to 384. We perform this iteratively until we have

predicted the entire time course.

C) Forecasts for a simple consortium (estimated intrinsic dimension ≈ 3) using latent

representations. The displayed results are from using 10% of the training data, or 800

simulations, to train a regression model. This community was simulated using 20 total

members, and we selected 5 as target members. The wider, faint lines are the ground

truth and the skinnier, solid lines are the forecasted behavior. Each color is a different

member of the community. The displayed example is a random sample from the 2,000

test simulations. Regression accuracy of R2 (red) and RMSE (blue) for both using raw

(dotted) and latent (solid). These metrics are calculated by taking the mean values from

fivefold cross-validation from training regression models on the 800 curves. For this

simple community, both using raw and latent perform very well, and there is no

difference in the accuracy between the two.

D) Forecasts for a complex community (estimated intrinsic dimension ≈ 6). These are 8

members from a total community of 100 members. The displayed results are from using

10% of the training data, or 800 simulations, to train a regression model. The displayed

example is a random sample from these 2,000. Regression accuracy of R2 (red) and

RMSE (blue) for both using raw (dotted) and latent (solid). For the complex community,

we see that using latent outperforms using raw significantly in the latter half of the

forecast. These metrics are calculated by taking the mean values from fivefold

cross-validation from training regression models on the 800 curves.
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Figure 5: Forecasting and abundance prediction in experimental microbial consortia.

A. Experimental data, from Fujita et al. 48 consortia derived from two environmental

sources were cultured in 3 different media types, each with 8 replicates and measured

daily for 110 days [4]. Each of the source/media combinations had 28 to 144 members,

however not every member was present across all 8 replicates. For each source/media

combination, we selected the members (2 to 18) that were present across all 8 replicates

as our focal members.

B. Eightfold cross-validation treats each replicate as an independent test set to quantify

predictive performance. We report our results by averaging the output of the model, such

as taking the mean RMSE for predicting the consortia behavior.

C. Regression pipeline for forecasting. The model uses 128xM time points as input to

predict the next 128xM time points, where M is the number of selected members. We

consider 2 different methods: 1) using raw curves to predict raw curves and 2) using
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latent representations to predict latent representations. For each iteration of the

cross-validation, we are using 7 replicates for the training. The original data consists of

110 daily readings. We interpolate this data to a total length of 768 time points, which

results in about 14 days per 128 time points. During training, we take every slice from

these training curves: we use time points 1 to 128 to predict 129 to 256, 2 to 129 to

predict 130 to 257, 3 to 130 to predict 131 to 258, etc. This results in a training set of 512

samples per replicate, or 3,584 samples total.

D. Example forecasts for one consortium. Each panel is one of the 11 members from the

consortium. RMSE for these data (final panel) is much higher than the simulated data

from the previous figure. For this consortium, latent forecasts (solid) are slightly better

than those based on the raw curves (dotted).

E. Across six source/medium combinations, latent-based forecasting yields lower mean

RMSE than raw-based forecasting in half of the conditions. Overall, the two approaches

perform similarly.

F. Predicting end-point dominance using early-time-window data. We take our initial 128

time points, which equates to 14 days, and predict whether the final abundance on day

110 will exceed 10%. Similar to the forecasting, we use eightfold cross-validation and

report the mean accuracy from the results.

G. Latent vector representation of the input data leads to higher classification accuracy in 5

of the 6 experimental conditions.
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Figure 6. Predicting total abundances from relative abundances in simulated

communities

A. Relative abundance trajectories (20 species × 128 time points) are encoded by the

foundation model (Autoencoder7X) into an 8-dimensional latent space. This compressed

representation is concatenated with the maximum relative abundance value to create a

9-dimensional feature vector, which is fed into an MLP regressor to predict total

abundance dynamics (128 time points). Example curves illustrate diverse temporal

patterns in species abundances and the predicted output trajectory.
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B. The same relative abundance input data is directly fed into an MLP regressor without

dimensionality reduction or feature extraction (2,560 total input dimensions: 20 species ×

128 time points). The model outputs predicted total abundance trajectories using the

same prediction framework as the latent pathway.

C. R² for both approaches evaluated across increasing training set sizes on complex

community dynamics generated from a generalized Lotka-Volterra framework. Latents

consistently outperform raw data across all training sizes.

D. RMSE values for both prediction approaches show that using the latents achieves lower

prediction error than using the raw data across all training set sizes, with the

performance gap particularly pronounced at smaller training set sizes.

E. For stable GLV dynamics, both raw relative abundance data and foundation model latent

representations achieved nearly identical performance, suggesting that the relatively

simple, predictable dynamics could be captured effectively by either representation.

F. RMSE values for the stable dynamics regime show comparable prediction errors

between the latent and raw pathways across all training set sizes.
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