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Abstract

Public microbiome archives hold over 100 petabases of sequencing data, yet 95% remains unusable
for foundation-model pre-training due to heterogeneous quality, noise, and missing causal structure. We
present a two-stage data reclamation pipeline, sparsification followed by quality-aware tokenization
(QA-Token), that lifts the usable fraction from 5% to 40% (+35 pp, 8x data). In the first stage, structured
binary patterns exclude uninformative bases; we evaluate 224 configurations on the CAMI benchmark
and identify a Pareto frontier of 12-14 achieving up to 5.1 x speedup at F1=0.994. In the second stage,
QA-Token incorporates per-base Phred quality directly into vocabulary construction via multi-objective
reward-guided bilevel optimization with Gumbel-Softmax relaxation. We validate the full pipeline
with Darwin-7B, a 7B-parameter multi-omic foundation model pre-trained on 8 trillion base pairs of
metagenomics and 250K metabolite profiles. Darwin-7B outperforms METAGENE-1 and Evo2-7B on
shared genomic benchmarks: 94.5+ 0.4 MCC on pathogen detection and 0.98 +0.01 F1 on metagenomic
profiling. It establishes first results on four multi-omic benchmarks (metabolic pathway prediction
wF1 0.91 + 0.02; IBD prediction AUC 0.947 4 0.012; T2D prediction AUC 0.883 £ 0.015; antibiotic
resistance AUC 0.910 £ 0.013) and generalizes to external cohorts (UK Biobank IBD AUC 0.921;
FINRISK T2D AUC 0.856), at 18 x faster inference. Darwin-7B further exhibits emergent capabilities:
zero-shot metabolic perturbation prediction (76% accuracy), microbiome age estimation (MAE 3.2
years), and ecological community modeling (MSE 0.0234 vs. gLV 0.0387). Building on these results,
we describe CausalOmics-10T, a foundational dataset combining 10 trillion reclaimed base pairs with
100,000+ interventional trajectories for causal modeling of microbial ecosystems, targeting forecasting,
counterfactual prediction, and safe inverse design. Darwin-7B is the latest model in the Darwin series,
with Darwin-40B as the planned scaling target.

1 Introduction

Microbial ecosystems are among the most complex and consequential systems on Earth, governing human
health, agricultural productivity, and climate regulation. The microbiome is not an isolated predictor but
a mediating layer within broader biology: it modulates drug metabolism, shapes immune function, and
influences neurodegenerative disease trajectories through the gut-brain axis [1, 2]. Over one billion people take
drugs where microbial metabolism determines treatment success or failure, yet current models cannot predict
which patients will respond to which intervention, through which biological mechanism. Understanding
these systems computationally requires foundation models trained on large-scale, high-quality multi-omic
data. Yet the field faces a paradox: public archives contain over 100 petabases of metagenomic sequences,
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but 95% of this data is unusable for model pre-training due to heterogeneous quality, systematic noise, and
the complete absence of causal structure [3, 4].

This data quality crisis creates a severe bottleneck. Models trained on homogeneous cohorts capture
population-specific correlations rather than transferable mechanisms; biomarkers consistently fail to replicate
across populations. Prior to dedicated metagenomic foundation models, standard classifiers achieved <80%
accuracy on pathogen detection; even the best current model (METAGENE-1, 93 MCC) falls short of the
>95% threshold needed for clinical deployment [5]. Existing genomic foundation models either train on clean,
assembled genomes from single organisms [6] or on raw metagenomic reads without quality awareness [5],
leaving the vast majority of public environmental data untapped. Transformative applications, predicting drug—
microbiome interactions for therapy selection, stratifying prevention trial responders, designing microbial
therapies, building digital twins, remain out of reach.

We address this bottleneck through three contributions:

1. Sparsified Genomics for Data Reclamation. We systematically evaluate 224 sparsification config-
urations on metagenomic data, identifying a Pareto frontier of 12-14 configurations that achieve up
to 5.1 x computational speedup while maintaining classification F1=0.994. We show that distributed
binary patterns (e.g., 01 01) consistently outperform clustered patterns (e.g., 001 1) at the same sparsi-
fication level, and that pattern structure, not merely sparsification level, is the primary determinant of
downstream accuracy (§4).

2. Quality-Aware Tokenization (QA-Token). We develop an RL-based tokenization framework that
incorporates per-base Phred quality into vocabulary construction via a multi-objective reward function
combining quality scoring, mutual information, minimum description length, and downstream proxy
loss. Combined with sparsification, this pipeline lifts the usable fraction of public archives from 5% to
40% (§5).

3. Darwin-7B: A Multi-Omic Foundation Model. We train the first foundation model on both metage-
nomic and metabolomic tokens (8T bp, 250K metabolite profiles), outperforming METAGENE-1
and Evo2-7B on shared benchmarks (94.5 MCC, 0.98 F1) and establishing first results on four multi-
omic benchmarks (IBD AUC 0.947, T2D AUC 0.883), with external validation on UK Biobank and
FINRISK, at 18 x faster inference (§6).

Darwin-7B is the latest model in the Darwin series, building on the MetaOmics-10T vision proposed by
Gollwitzer et al. [7]. Here, we implement and validate CausalOmics-10T, demonstrating that the sparsify-
then-tokenize pipeline enables foundation-model pre-training at state-of-the-art performance across 8T bp,
and establishing the data flywheel through which a $50M investment yields a dataset equivalent to $1B+ of
conventional experimentation (§7).

2 Related Work

Genomic foundation models. DNABERT-2 [8] and the Nucleotide Transformer [9] operate on short genomic
sequences. METAGENE-1 [5] scales to 7B parameters on 1.5T bp of metagenomic reads, but uses standard
BPE without quality awareness. Evo2 [6] trains on assembled genomes at up to 40B parameters, but operates
exclusively on clean, single-organism data. Darwin-7B is the first to combine multi-omic data (metagenomics
+ metabolomics) via a systematic data reclamation pipeline.

Sparsified genomics. Genome-on-Diet [10] introduced the sparsification principle for accelerating
genomic analyses. We extend this to a data reclamation pipeline for foundation-model pre-training, providing
the first systematic characterization of 224 sparsification configurations and their Pareto frontier. Our key



finding, that distributed patterns consistently outperform clustered ones at the same sparsification level, was
not previously established.

Microbiome datasets. The Human Microbiome Project, Earth Microbiome Project, and UHGG provide
valuable observational corpora but lack interventional data and quality-aware tokenization. Gollwitzer et al.
[7] proposed MetaOmics-10T as a foundational dataset to complement these resources with causal structure;
the present work implements and validates the pilot data reclamation pipeline as CausalOmics-10T.

Causal inference in biology. Recent work on perturbation modeling [11] and digital twins [12, 13]
motivates the need for interventional datasets. Our formal framework (App. C) provides identifiability
conditions under which causal claims are warranted.

3 Problem Formulation: Digital Twins for Microbial Ecosystems

We model microbial ecosystems as controlled dynamical systems (S, U, Ty, M) where S C R"s is the state
space encoding genomic abundances (g; € R"9, ny ~ 10%) and metabolite concentrations (m; € R™»,
nm ~ 10%), U C R the intervention space (CRISPR edits, compound doses), Tp : S x U — A(S) the
learned stochastic transition kernel, and M : S — ) the measurement map accounting for technical noise.
The three core tasks are:

« Forecasting: Learn Fj s.t. E[||z¢,, — Fy(x<)||?] < er under autonomous dynamics u; = 0.

* Counterfactual prediction: Estimate p(x¢,|do(u), x<¢) via backdoor adjustment when confounders
Z are measured.

+ Safe inverse design: Solve u* = argminy,ey C(u) + A d(E[z4-|do(u), z¢], *) subject to hard
action-space constraints g(u) < 0, an uncertainty-aware trust region D (7pen, ) < p, and a stochastic
safety chance constraint P(h(u, z44+,&) < 0) > 1 — a where h encodes outcome-dependent safety
requirements and & captures exogenous noise.

Learnability vs. Causality. Appendix C presents conditions for statistical identifiability that explicitly
incorporate the measurement map M and the intervention policy 7(u | ) through persistence of excitation
and observability under 7. Causal identifiability requires additional assumptions about latent confounding
(App. B.6). The dataset’s primary contribution is to create the first large-scale testbed to assess the reach
and limits of causal inference in biology: the 100k+ interventions enable systematic evaluation of when
instrumental variables and front-door adjustment succeed, and when sensitivity analysis is necessary.

Formal treatment. The theoretical foundations are developed in full in the appendices. Theorem C.1
establishes identifiability for linear-Gaussian baselines; Theorem B.1.2 extends this to nonlinear, partially
observed dynamics, proving local identifiability up to symmetry equivalence classes under observability,
persistent excitation, and structural conditions, with a supporting proposition showing Fisher information
nonsingularity modulo G (5-step proof in App. B.1). Theorems C.3 and B.2.2 provide greedy approximation
guarantees for experimental design under submodularity and weak submodularity, respectively. For QA-
Token, Proposition C.5 bounds the total suboptimality gap of the RL vocabulary construction, Lemma C.2
characterizes Gumbel-Softmax gradient bias, and the proxy ladder stability bound controls cumulative
proxy-loss drift across scales. App. B.6 provides causal identification conditions under latent confounding
via front-door adjustment and instrumental variables, with Rosenbaum sensitivity analysis where neither
applies. App. B.7 provides distributionally robust feasibility and chance-constraint relaxation guarantees for
safe inverse design.



4 Data Reclamation via Sparsified Genomics

4.1 The Sequencing—Compute Gap

A fundamental challenge in modern genomics is the growing disparity between sequencing throughput
and computational processing capacity. State-of-the-art sequencing platforms generate up to 16 Tb of
sequence data per run, while downstream analysis pipelines process data at rates 150x slower [10]. Standard
metagenomic classification requires comparing each read against reference databases exceeding hundreds of
gigabytes, a computation that does not scale to 100+ petabases. This sequencing—compute gap motivates data
reduction strategies that discard uninformative data early while preserving analytical accuracy.

4.2 Sparsification Methodology

Sparsified genomics [10] systematically excludes bases from genomic sequences using structured binary
patterns. Formally, a sparsification pattern p € {0, 1}" of window size w is infinitely repeated and overlaid
on each metagenomic read: position ¢ within each window is retained if and only if p; = 1, and discarded
otherwise. A pattern such as 1010 retains every other base; 0101 retains the complement. The sparsified
reads, shorter sequences preserving the informative subset of the original signal, are then passed directly
to the quality-aware tokenizer (§5) for vocabulary construction and foundation-model pre-training. In the
most general (adaptive, per-read) setting, optimizing patterns for k reads of length m yields a search space
of (k x 2™), trillions of choices, making exhaustive optimization intractable. We therefore evaluate fixed
patterns applied uniformly across all reads, with window size w=4 in our evaluation, yielding 2*—1=15
non-degenerate patterns. Combining two independent 4-bit patterns produces 15 x 15 = 225 configurations;
reserving the fully dense pattern (1111 | 1111) as the gold-standard reference yields 224 for comparative
evaluation.

4.3 Systematic Evaluation: 224 Configurations

We evaluate all viable sparsification patterns on the CAMI low-complexity benchmark [14], yielding 224 valid
configurations (excluding degenerate 0000 patterns and reserving the unsparsified baseline 1111 | 1111
as the gold-standard reference). To assess the impact of pattern choice on downstream performance, we
representatively evaluate taxonomic classification accuracy (F1 score and L1 norm error at species and strain
levels) and total CPU time.

Key results. Compared to the unsparsified baseline (1111 | 1111):

* Total speedup ranges from 1.2x to 5.1 X across configurations.

* The best accuracy-preserving configuration (1111 | 1110) achieves F1=0.994 with negligible run-
time overhead.

Key findings. (1) Distributed patterns outperform clustered patterns: at the same Hamming weight
(number of retained positions), patterns like 0101 consistently outperform 0011 because distributed posi-
tions sample more independent sequence information, reducing the probability that a single mutation disrupts
all retained bases. (2) The Pareto frontier is compact: only 12—14 of 224 configurations are Pareto-optimal,
indicating that most of the configuration space is suboptimal and can be pruned. (3) For any given dataset, an
optimal sparsification pattern exists and can be determined by examining downstream performance metrics.
Here we representatively evaluate the impact of pattern choice on taxonomic classification; in future work, we
will assess broader downstream applications including foundation-model pre-training perplexity and clinical
phenotype prediction. While demonstrated on a single benchmark, the structured nature of the Pareto frontier
and the consistency across taxonomic ranks (App. B) suggest this finding generalizes; validation on CAMI
medium/high-complexity benchmarks is ongoing.



Table 1: Pareto-optimal sparsification configurations on the CAMI benchmark. Each pattern is a pair of 4-bit
binary masks. Times are total CPU hours. Speedup is relative to the unsparsified baseline.

Pattern Species F1 L1 Error Time (h) Speedup
0001 | 0001 0.511 1.54 3.75 5.1x
0001|0101 0.692 1.47 4.50 4.3%
000110110 0.701 1.47 4.86 4.0x
111110101 0.832 1.14 18.48 ~1.0x
111110110 0.858 1.14 18.67 ~1.0x
1111|1110 0.994 1.03 19.12 ~1.0x
111111101 0.997 1.03 19.27 1.0x

5 Quality-Aware Tokenization

After sparsification removes uninformative bases, the remaining signal must be grouped into semantically
meaningful units for model pre-training. Standard tokenization algorithms such as Byte-Pair Encoding
(BPE) operate on token frequency alone, incorporating measurement errors into the vocabulary alongside
true biological signal. This is particularly damaging for metagenomic data, where per-base quality varies
dramatically across sequencing platforms and read positions.

QA-Token addresses this through a reinforcement-learning framework that incorporates Phred quality
directly into vocabulary construction. The reward function combines four objectives:

R(a,b) = A\oQ(ab) + A; PMI(a,b) — A\c AMDL(a, b) — Ap ALproxy (1)
——
quality mutual information compression downstream perf.

where ()(+) is a learned quality-scoring network incorporating Phred-derived statistics, positional bias, and
biological priors (Eq. 6); PMI captures statistical co-occurrence; MDL enforces compression via the minimum
description length principle; and ALy estimates downstream task performance using a frozen proxy model.
The weights A € A* are learned on the simplex via a curriculum schedule that transitions from intrinsic
objectives to downstream optimization (details in App. A). The simplex constraint is chosen to prevent
degenerate solutions where a single objective dominates; unconstrained positive-weight alternatives (A € Ri)
yielded equivalent Pareto-optimal vocabularies in our ablations but required additional learning rate tuning
for the A\ optimizer.
Key results. On a 10 TB pilot of 25K diverse microbiome samples from the SRA:

* QA-Token achieves a 12% improvement in bits per base pair (bpbp; 95% CI: [10.3%, 13.7%])
over standard BPE when training a 500M-parameter model. We report bpbp rather than perplexity to
ensure fair comparison across tokenizers with different vocabulary sizes, as bpbp normalizes for token
granularity.

* Re-training the 7B-parameter METAGENE-1 [5] with QA-Token yields a new state-of-the-art on
Pathogen Detection (MCC 94.53 vs. 92.96 for standard BPE; Table 2).

* The combined sparsification + QA-Token pipeline lifts the usable fraction of public archives from 5%
to 40% (+35 pp, 8 x data), where usable fraction is the proportion of samples with bounded proxy
cross-entropy (7=4.0 nats/token; see formal definition in App. K).



Table 2: Pathogen Detection benchmark (MCC, averaged over 5 pathogen-type test splits). QA-Token
re-training of METAGENE-1 achieves a new state-of-the-art.

Model Pathogen-Detect MCC
DNABERT-2 [8] 87.92
DNABERT-S [15] 87.02
NT-2.5b-Multi [9] 82.43
NT-2.5b-1000g [9] 79.02
METAGENE-1 [5] 92.96
METAGENE-1 (QA-Token) 94.53

6 Darwin-7B: A Multi-Omic Foundation Model

To demonstrate that the sparsify-then-tokenize pipeline produces data of sufficient quality for foundation-
model pre-training, we train Darwin-7B, a 7B-parameter model pre-trained on both metagenomic and
metabolomic tokens. To our knowledge, this is the first foundation model to jointly learn from multi-omic
microbial data.

6.1 Training Data and Architecture
Darwin-7B is pre-trained on data processed through the full sparsification + QA-Token pipeline:

* Metagenomics: 8 trillion base pairs from diverse environmental and clinical samples sourced from
Phase 1 of CausalOmics-10T [7], sparsified and tokenized into ~2T quality-aware genomic tokens (vs.
~?2.35T for standard BPE, indicating longer, more informative tokens).

* Metabolomics: 250K metabolite profiles (LC-MS/MS) with 5,000+ features per sample. Continuous
metabolite concentrations are discretized into 1,024 bins per feature via quantile binning, then merged
into a metabolomic vocabulary of 8,192 tokens using a QA-Token variant. In this variant, the quality
score )(-) is replaced by signal-to-noise ratio: Qmet(t) = 0 (SNR(#)/SNRpedian — 1), where SNR is
computed from replicate measurements. Low-SNR features (SNR < 3) are down-weighted during
merge decisions, preventing noisy mass spectrometry artifacts from dominating the vocabulary. The
metabolomic vocabulary is concatenated with the genomic vocabulary (32K tokens) via a shared
embedding space with modality-specific linear projections.

The model employs a Mamba-Transformer hybrid encoder for O(N') scaling on million-base sequences with
surgical attention for regulatory motifs, coupled with a hypergraph neural network for many-to-many meta-
bolic reactions and cross-modal co-attention for bidirectional genomic—metabolomic reasoning (architecture
details in App. D).

6.2 Benchmark Results

All Darwin-7B results use a fixed sparsification pattern (1111 | 1110) and tokenization policy selected
from the Pareto frontier (§4). We compare against the two nearest frontier genomic foundation models:
METAGENE-1 [5] (7B parameters, trained on 1.5T bp of raw metagenomic reads with standard BPE) and
Evo2-7B [6] (7B parameters, trained on assembled genomes from single organisms). We choose these
because they represent the highest-performing models in their respective data paradigms, raw environmental
metagenomics and curated single-organism genomics. Darwin-7B outperforms both on two benchmarks
with competitive baselines (pathogen detection, metagenomic profiling) and establishes the first results on



Table 3: Benchmark performance for Darwin-7B and frontier genomic foundation models. Higher is better on
all metrics. All pairwise comparisons where both models are evaluated are statistically significant (p < 0.003,
Bonferroni-corrected for 16 tests, two-sided ¢-test, > 5 seeds). “— =not evaluated (model lacks the required
modality). The bottom four benchmarks require joint genomic—metabolomic representations unavailable to
single-modality baselines.

Benchmark Darwin-7B METAGENE-1 Evo2-7B
Pathogen Detection (MCC) 945+ 04 93.04+0.3 87.04+0.6
Metagenomic Profiling (F1) 0.98 £0.01 — 0.89 4+ 0.02
Metabolic Pathway Pred. (wF1) 0.91 +0.02 — —
IBD Prediction (AUC) 0.947 + 0.012 — —
T2D Prediction (AUC) 0.883 + 0.015 — —
Antibiotic Resistance (AUC) 0.910 £0.013 — —

IBD Ext. Val. (UK Biobank, n=2,847) 0.921 £0.014 — —
T2D Ext. Val. (FINRISK, n=1,523) 0.856 =+ 0.019 — —

four multi-omic benchmarks not accessible to single-modality models (Table 3), while being 18 faster at
inference.

Pathogen detection. Darwin-7B achieves 94.5+0.4 MCC, a 1.5-point improvement over METAGENE-1
(93.0 £ 0.3) and 7.5 points above Evo2-7B (87.0 £ 0.6). The gap over Evo2-7B reflects a fundamental
limitation of training on assembled genomes: assembled data lacks the read-level noise structure of real
metagenomic samples, causing Evo2 to underperform on raw-read classification.

Metagenomic profiling. Darwin-7B achieves 0.98 + 0.01 F1 on taxonomic profiling, 0.09 points
above Evo2-7B (0.89 £ 0.02). This result demonstrates that quality-aware sparsified tokenization preserves
fine-grained sequence information for species-level classification while discarding uninformative bases.

Multi-omic benchmarks. The multi-omic advantage manifests most clearly on the four benchmarks
requiring metabolomic reasoning. Darwin-7B achieves wF1 0.91 + 0.02 on metabolic pathway prediction,
AUC 0.947 £ 0.012 on IBD prediction, AUC 0.883 % 0.015 on T2D prediction, and AUC 0.910 £ 0.013 on
antibiotic resistance prediction. Neither METAGENE-1 nor Evo2-7B can be evaluated on these tasks, as they
lack the metabolomic representations needed for functional and clinical phenotype prediction.

External validation. Darwin-7B generalizes to held-out cohorts: AUC 0.921 + 0.014 on UK Biobank
IBD (n=2,847) and AUC 0.856 £ 0.019 on FINRISK T2D (n=1,523), with calibration ECE < 0.05 on both.
The cross-cohort generalization confirms that Darwin-7B captures disease-relevant biological signal rather
than cohort-specific confounders.

Emergent capabilities. Darwin-7B exhibits capabilities not explicitly trained: (1) zero-shot metabolic
perturbation prediction (76% accuracy on held-out compound—species pairs, random baseline 12%); (2)
zero-shot species discovery (89% agreement with phylogenetic trees for novel species absent from training);
(3) ecological community modeling (community dynamics MSE 0.0234 vs. generalized Lotka—Volterra
0.0387).

Speed. Darwin-7B is 18x faster at inference than Evo2-7B and 10x lower cost per sample than
METAGENE-1, making it the only practical model at the performance frontier. All speed measurements
use batch size 1, sequence length 150k bp, on a single NVIDIA A100-80GB GPU with identical input data
and FP16 inference (further details in App. E). We decompose this speedup: (1) the Mamba—Transformer
hybrid architecture contributes ~15x via O(N) scaling for the majority of sequence processing, with O(N?)
attention reserved for short regulatory-motif windows; (2) QA-Token’s more informative tokens contribute
~1.2x via reduced sequence count (~2T tokens from 8T bp vs. ~2.35T for standard BPE). The combined



speedup is 15 x 1.2 = 18x. At this speed, Darwin-7B enables real-time microbiome analysis in clinical
workflows, a capability previously impractical with frontier genomic models.

7 CausalOmics-10T: Dataset Design and Construction

Building on the validated pipeline, we describe the construction of CausalOmics-10T, a two-phase, openly
shareable dataset for causal modeling of microbial ecosystems, implementing the vision originally proposed
as MetaOmics-10T by Gollwitzer et al. [7]. Darwin-7B’s training on 8T bp validates the Phase 1 data
reclamation pipeline at 80% of the full 10T bp target, demonstrating that the sparsify-then-tokenize approach
scales to near-production data volumes while achieving state-of-the-art performance across all evaluated
benchmarks.

Phase 1: Data Reclamation (Months 1-12; $10M). Mine 100+ PB across SRA/ENA/RefSeq using the
sparsify-then-tokenize pipeline. Darwin-7B’s training on 8T bp validates this phase at 80% of the 10T bp
target; the remaining 2T bp targets underrepresented environments (soil, ocean, non-Western human cohorts).
Computational cost: ~6.8M core-hours (App. G.3), made feasible by in-storage processing [16, 17] and
fast metagenomic classification [18, 19]. Sparsification enables significant throughput gains when accuracy
requirements permit (up to 5.1 x); the conservative pattern selected for Darwin-7B (1111 | 1110) prioritizes
accuracy (F1=0.994) over speed.

Phase 2: Causal Trajectories (Months 13-36; $40M). Generate 100,000+ perturbation trajectories
via Model-Guided Experimental Design (MGED) across a distributed network of labs: Tier 1 screening
on Microbiome-on-Chip arrays [20, 21]; Tier 2 mechanistic insight via single-cell metabolomics; Tier 3
pre-clinical validation in human gut simulators [22, 23]. SOPs and cost models in App. F.

Data Specifications. (1) Scale: 10T base pairs (1000x larger than current datasets), 10M samples across
environments. (2) Resolution: Single-nucleotide genomics, 5,000+ metabolite features, S-minute temporal
sampling. (3) Metadata: Complete experimental conditions, intervention specifications, quality metrics,
structured via formal ontologies (ENVO, NCBITaxon, CHEBI). (4) Openness: Weekly staged releases with
standardized schemas and versioned ontologies.

The Data Flywheel. The sparsify-then-tokenize pipeline creates a self-reinforcing cycle (Figure 1):
(1) reclaim noisy public data via sparsification and quality-aware tokenization; (2) pre-train a foundation
model on the reclaimed corpus; (3) use the foundation model to plan maximally informative wet-lab
experiments via MGED, generating targeted interventional data in an extremely high-throughput manner; (4)
fold new data back into pre-training. This flywheel is what allows a $50M investment to deliver a dataset
equivalent in information content to one costing $1B+ via conventional untargeted approaches, the foundation
model’s ability to identify the most informative experiments eliminates the vast redundancy of untargeted
experimentation. We quantify this via information yield: the reduction in proxy model cross-entropy per
dollar of experimental cost, ) = AHpxy/cost. The combined sparsification + QA-Token pipeline lifts
usable data from 5% to 40% (8x), and MGED’s targeted experimental design yields an estimated 2.5X
information gain over untargeted approaches (App. F), for a combined 8 x 2.5 = 20x improvement in
information yield per dollar. Open schemas, code, and models ensure reproducibility.

8 Discussion and Limitations

Summary. We presented a two-stage data reclamation pipeline (sparsification + QA-Token) that transforms
noisy public archives into foundation-model-ready corpora, validated by Darwin-7B at 8T bp scale. Darwin-
7B outperforms frontier models on shared genomic benchmarks (MCC 94.5, F1 0.98), establishes first results
on four multi-omic clinical tasks (IBD AUC 0.947, T2D AUC 0.883), generalizes to external cohorts (UK
Biobank, FINRISK), and exhibits emergent capabilities (zero-shot perturbation prediction, species discovery,
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Figure 1: The CausalOmics-10T data flywheel. a, Cost per megabase of DNA sequencing (2001-2022),
outpacing Moore’s Law. b, Iterative causal annotation loop: the pretrained foundation model predicts
intervention-outcome relationships through microbial intermediaries (centre); clinical and experimental data
validate each prediction (bottom), providing reward signals for model refinement; across intervention-outcome
pairs (stacked), this loop constructs causal graphs (right) separating direct from mediated effects.

ecological modeling). This pipeline underpins CausalOmics-10T, a 10T bp foundational dataset for causal
modeling of microbial ecosystems. Pilot data (App. G.2; 100 trajectories, 2 X2 x5 factorial with 12 timepoints)
indicated that causal identification via front-door (23%) or IV (31%) was feasible for approximately 54%
of experimental settings; the remaining 46% required sensitivity analysis under unmeasured confounding
(Rosenbaum bounds; App. B.6), establishing both the promise and the boundaries of causal inference in this
domain.

The key insight is that this pipeline creates a data flywheel: the foundation model pre-trained on reclaimed
archival data (Phase 1) directly guides the experimental design in Phase 2, enabling each dollar of wet-lab
investment to generate maximally informative causal trajectories. Darwin-7B’s training on 8T bp, 80% of the
full Phase 1 target, demonstrates that quality-aware sparsified tokens are sufficient to pre-train models that
achieve state-of-the-art performance at near-production scale. The full CausalOmics-10T dataset will close
the loop, enabling the foundation model to plan experiments across 100,000+ trajectories with an estimated
20 x improvement in information yield per dollar compared to untargeted approaches.

Limitations. (1) Sparsification scope: our 224-configuration evaluation uses a single benchmark (CAMI
low-complexity); generalization to high-complexity communities, long-read data, and diverse database
versions requires further validation. (2) Batch effects: pilot data show inter-lab variation contributes 35% of
variance, necessitating dedicated harmonization infrastructure ($10M budgeted). (3) Computational cost:
RL-based vocabulary learning requires 50—100 GPU-hours vs. 1 hour for standard BPE, though this is



amortized over the entire corpus. (4) Causal identifiability: despite 100k+ interventions, hidden confounders
may persist; we provide explicit sensitivity analyses and instrumental variable approaches (App. B.5-B.6).
(5) Darwin-7B: while results are strong and external validation on UK Biobank and FINRISK is encouraging,
prospective clinical validation is ongoing. The metabolite profile reduction from 500K to 250K via SNR
filtering improves results but may exclude low-abundance metabolites relevant to specific clinical phenotypes.

Translational applications. Darwin-7B demonstrates direct translational potential for drug develop-
ment and disease prevention. In a blinded retrospective analysis, Darwin-7B correctly identified patient
sub-populations that failed a clinical trial for surufatinib (HUTCHMED:; oral kinase inhibitor for neuroen-
docrine tumors, FDA orphan drug designation) and pinpointed the specific bacterial strain responsible
for metabolizing the active compound. This validates a three-step translational framework: (1) identify
microbiome-mediated drug metabolism liability from sequence data; (2) resolve the specific strain, enzyme,
and chemical bond responsible; (3) guide molecular modification to circumvent the liability. For disease pre-
vention, Darwin-7B’s multi-omic representations connect to the emerging evidence linking gut microbiome
composition to neurodegeneration [1, 2, 24], including Alzheimer’s disease [25, 26]. The model satisfies
four requirements for prevention-oriented microbiome foundation models: (1) population-representative
training across diverse environments; (2) quality-aware vocabulary via QA-Token; (3) hierarchical biological
encoding via Mamba—Transformer + HypergraphNN; (4) causal reasoning via mediation analysis from
CausalOmics-10T interventional data.

Future work. Our results establish a foundation for several ambitious directions. First, scaling Darwin to
40 billion parameters (Darwin-40B) on the full CausalOmics-10T corpus will probe whether emergent causal
reasoning capabilities arise at scale, analogous to the qualitative leaps observed in large language models,
enabling the first foundation model that not only predicts microbial dynamics but explains why interventions
succeed or fail. Darwin-40B will be directly benchmarked against Evo2-40B [6], the largest existing
genomic foundation model, on both established genomic tasks and the multi-omic clinical benchmarks that
single-modality models cannot access; we hypothesize that the combination of quality-aware tokenization,
multi-omic pre-training, and causal trajectories will yield substantial gains over Evo2’s assembled-genome
paradigm, particularly on tasks requiring metabolomic reasoning and counterfactual prediction. Second,
we aim to build a universal perturbation engine: a model that learns the general principles governing how
interventions propagate through metabolic networks, moving beyond interpolation between observed cause-
effect pairs to zero-shot prediction of entirely novel compounds and genetic modifications never seen during
training [11]. Third, the multi-omic architecture of Darwin-7B naturally extends to a biological compiler,
framing microbiome engineering as offline reinforcement learning [27] where a Decision Transformer [28],
trained on 100,000+ perturbation trajectories, takes a target metabolic state as input and outputs a minimal
intervention predicted to achieve it. Fourth, CausalOmics-10T is designed for cross-domain transfer: training
once on diverse environments (human gut, soil, ocean) and transferring across organisms, ecosystems, and
intervention modalities, ultimately enabling applications from personalized medicine (predicting individual
drug-microbiome interactions for therapy selection) to climate-smart agriculture via rational design of
microbial consortia that enhance nitrogen fixation and reduce fertilizer dependence. Finally, the sparsify-
then-tokenize paradigm and QA-Token framework are domain-agnostic: we plan to extend them to other
noisy scientific modalities including proteomics, spatial transcriptomics, and environmental sensing, where
heterogeneous measurement quality similarly limits the usable fraction of public data. CausalOmics-10T is
not merely a dataset; it is a blueprint for foundational predictive models of the unseen biological worlds that
shape our own.
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A Appendix A: QA-Token, Theory, Algorithms, and Benchmarks

The QA-Token framework is a methodology for processing noisy sequence data, making it suitable for
training large-scale models. The method builds upon established work in sequence quality assessment [29]
and information-theoretic approaches to sequence analysis [30, 31]. This appendix provides a technical
overview of its core components and presents empirical results demonstrating its performance, scalability,
and robustness.

A.1 QA-Token: A Multi-Objective Heuristic with Theoretical Justification

We acknowledge QA-Token combines multiple objectives through engineering design rather than pure
first-principles derivation. The reward function emerges from a constrained multi-objective optimization
problem. Given corpus C with quality annotations, we seek vocabulary V* that simultaneously:

(i) maxEqc > " gilogp(xi|V)]  (quality-weighted likelihood) ()
(ii) max I(V;C) (mutual information) 3)
(iii) mvin |[V| (compression via MDL) 4
@iv) mvin Loroxy(V)  (downstream task performance) 5)

Since no single optimum exists for this vector optimization problem, we adopt a scalarization approach with
learned weights A € A% (simplex). This leads to our composite reward:

Q(tar) = foo (Vg Vp, V) = o(Wa - ReLU(W1[vy; vip; V| + b1) + ba) (6)

where v, € R0 contains Phred-derived statistics (mean, variance, min, percentiles), v, € R5 encodes
positional bias, and v;, € R?Y captures biological priors. We implement explicit gating on vy, via g, =
a(Wy [vq; Vp; vy + by) and use g, ® v, within ng, with /5 and entropy regularization on g to avoid
over-reliance on priors.

The positional bias term, exp(—f - pos;), is used as a feature for the network. This exponential form is a
standard heuristic in sequencing to down-weight the influence of lower-quality bases at the ends of reads.
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The decay parameter 3 is not fixed but is a learned parameter within fy,,, allowing the model to adapt the
importance of positional information. To mitigate the risk of the biological prior stifling the discovery of
novel sequences, the features in v;, are passed through a learned gating mechanism within fg,,, which can
down-weight the prior’s influence for sequences with very high intrinsic quality but low reference frequency.

Reward Motivation. We motivate the reward function by analogy to the expected
log-likelihood change when adding token ¢,, to vocabulary V. The log-likelihood difference
Ec[log p(C|V U {tap})] — Ecllogp(C|V)] decomposes into frequency-dependent and quality-dependent
components. Rather than computing this exactly, which would require re-estimating the full model at each
merge step, we approximate it via four independently justified surrogate terms:

R(a,b) = Ec[logp(C|V U{ta})] — Ec[log p(C|V')] 4 regularizers
~ )‘QQ(ab) + ArPMlI(a,b) — AcMDL(a,b) — )\DA»Cproxy (7N

quality prior ~ mutual information ~ description length  generalization estimate

Each term has independent theoretical justification: PMI measures statistical dependency [30], MDL provides
compression-generalization bounds [31], and proxy loss estimates downstream performance. The approxi-
mation quality is bounded by the proxy ladder stability bound below. To address proxy bias rigorously, we
replace a JS-divergence heuristic with a computable stability-style bound:

Proposition A.1 (Proxy ladder stability bound). Let Fy and Fg be proxy model classes at adjacent scales
with uniform stability parameters (35, Bs) for the empirical risk minimizer under a loss ¢ that is L-Lipschitz
in representations and 1-Lipschitz in predictions. Suppose the representation drift between stages satisfies
Ell|¢s (z) — ¢s(z)|l2] < 6 and the distributional shift between tokenizations satisfies W1 (ps,ps) < €
(Wasserstein-1). Then the expected proxy-loss gap obeys

|Lo (V) = Ls(V)| < L6+ Lip,(€) €+ (Bs + By),
uniformly over vocabularies V drawn from a common feasible set. Consequently, along a S-stage ladder the
cumulative gap is at most Zf;ll (L 0; + Lip, (£) €; + B; + ﬁi+1).

We estimate (J;, €;) empirically via representation probes and token-level transport, and report stability
constants from standard uniform stability analyses for the proxy architectures used.

Curriculum Learning Schedule. The vocabulary is built in two phases.

* Phase 1 (Intrinsic Pre-training): For the first k£ merge operations (e.g., £ = 50,000), we set Ap = 0.
The vocabulary is built purely on the basis of intrinsic quality, information content, and complexity,
creating a robust, general-purpose foundation.

* Phase 2 (Downstream Fine-tuning): For subsequent merges, the weight Ap is gradually increased
from O to its final value according to a sigmoid annealing schedule, while the intrinsic weights
(A, A1, A¢) are correspondingly decreased. This allows the vocabulary to be gently biased towards
downstream performance without sacrificing the general-purpose knowledge acquired in Phase 1.

A.2 Core Methodology: Quality-Aware Tokenization

Standard tokenization algorithms, such as Byte-Pair Encoding (BPE), operate based on token frequency. This
can be suboptimal for noisy data, as measurement errors may be incorporated into the vocabulary alongside
true signals, potentially degrading downstream model performance. QA-Token addresses this limitation
through the two-stage, RL-based learning process detailed above.
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Formal MDP Specification. We rigorously define the vocabulary construction MDP:

« State Space S: s; = (V;,&;) € S where V; C ¥* is the current vocabulary (max size |Viax| = 50k),
and & € R? with d = 256 encodes:

— Top-100 merge candidates ranked by frequency
— Vocabulary statistics: size, avg token length, entropy
— Quality distribution: quantiles of Q(t) fort € V;

— Corpus coverage: fraction of corpus representable by V;
* Action Space A: a; = (4, j) where tokens t;,t; € V; are adjacent in corpus and merged to form ¢;;.
* Transition Dynamics: Deterministic: Vi1 = (Vi \ {5, t;}) U {ti;}, &1 = 0(Vig1, C).

* Policy Network: mg(a|s) parameterized by 3-layer MLP with hidden dimensions [512, 256, 128].
Reward Function: As defined in Eq. 7, with learned weights A € A constrained to simplex.

Stage 2: Adaptive Learning of the Tokenization Logic. The key hyperparameters of the tokenization
logic—such as the sensitivity to data quality («) and the relative importance of the reward components
(\;)—are learned via gradient-based optimization. Using the Gumbel-Softmax relaxation [32, 33], we
make the discrete merge process differentiable with respect to a downstream task loss. While this surrogate
introduces bias relative to the discrete objective, the bias can be bounded as a function of temperature and
sample size; we anneal the temperature and verify with a variance-reduced REINFORCE control estimator
to ensure consistency of trends. This allows the framework to automatically discover what constitutes an
optimal token for a specific scientific objective, removing the need for manual hyperparameter tuning.

A.3 Key Supporting Results and Benchmarks

The QA-Token framework has been empirically validated across multiple datasets and scales. The following
results substantiate the technical claims in this proposal.

Scalability with a 7B Foundation Model. To evaluate scalability, we re-train the 7B-parameter
METAGENE-1 foundation model [5] on its original 1.5 trillion base pair dataset, replacing the standard BPE
tokenizer with QA-Token. This change improves performance on the Pathogen Detection benchmark (MCC
92.96—94.53; see Table 2 in the main text). On the systems side, we align with high-throughput genomics
pipelines and in-storage computing advances [16, 17]. A key objective of the proposed work is to perform
detailed ablation studies to rigorously dissect the contribution of each component of the QA-Token reward
function.

Performance on Noisy Text Data. We compare QA-Token against other tokenizers on the noisy TweetEval
benchmark [34]. As shown in Table 4, QA-Token achieves higher performance on this dataset, indicating its
ability to build robust representations from noisy text.

Robustness Across Data Types and Modalities. The framework’s robustness has been validated across
a range of genomic data, including high-error-rate third-generation sequencing (Oxford Nanopore) and
low-error-rate NGS data (Unified Human Gut Genome), as shown in Table 5. Evaluation follows rigorous
benchmarking standards for genomic sequence comparison [35]. In all evaluated cases, QA-Token improves
performance over quality-blind baselines.
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Table 4: Comparison on Noisy Social Media Text (TweetEval). QA-Token excels in the presence of noise.

Model Emoji Emotion Hate Irony Offensive Sentiment Stance ALL(TE)
BERTweet 334 79.3 564  82.1 79.5 73.4 71.2 67.9
SuperBPE + BERTweet 33.6 79.8 56.8 823 80.1 73.9 71.8 68.3
QA-BPE-nlp + BERTweet 33.8 81.1 58.2 825 82.6 74.5 73.1 69.4

Table 5: QA-Token consistently outperforms standard BPE across diverse, real-world genomic datasets.

Domain Dataset Metric QA-Token Gain vs. BPE
Genomics (High-Error) ONT Long-Read Variant F1 +8.7%
Genomics (Low-Error) UHGG Collection Taxa. Acc. F1 +6.1%

These results demonstrate that QA-Token is a scalable and robust methodology for processing noisy
sequence data. It is the core technology that makes the proposed creation of the CausalOmics-10T dataset a
feasible endeavor.

A.4 Multi-Objective Trade-offs and Pareto Frontiers

We make explicit the trade-offs among quality (Q)), information (PMI), compression (MDL), and proxy loss.
For a grid of schedules A € A%, we compute the empirical Pareto frontier in the 4D objective space and report
2D slices (e.g., (Q,PMI), (Q, —AMDL), (—AMDL, —ALpoxy)). Sensitivity to schedule is quantified by
frontier curvature and hypervolume indicators. We also report stability across seeds with confidence intervals.
This analysis guides recommended default schedules and documents the attainable trade-offs.

B Appendix A’: Sparsified Genomics, Extended Results

B.1 Full Pareto Frontier

Table 6 reports the complete set of Pareto-optimal configurations at both species and strain levels. The frontier
spans from aggressive sparsification (0001 | 0001) achieving 5.1 speedup to conservative configurations
(1111 | 1101) maintaining near-baseline accuracy.

B.2 Consistency Across Taxonomic Ranks

The accuracy—cost landscape is qualitatively similar at species and strain levels, with Pareto frontiers sharing
most optimal configurations. Strain-level F1 scores are consistently lower than species-level for the same
configuration, reflecting the inherent difficulty of fine-grained taxonomic resolution. The relative ordering
of configurations is preserved, supporting the use of species-level optimization as a proxy for strain-level
performance.

B.3 Toward Adaptive Sparsification

The structured Pareto frontier provides the empirical substrate for learning-based adaptive sparsification. This
can be formalized as a Partially Observable Markov Decision Process (POMDP) where an agent sequentially
selects sparsification patterns to optimize accuracy—cost objectives based on intermediate pipeline signals.
The compact frontier (12—14 out of 224 configurations) suggests that most of the pattern space can be
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Table 6: Complete Pareto-optimal configurations at species and strain level on CAMI low-complexity
benchmark.

Species Strain
Pattern F1 L1 F1 L1 Time Speed

000110001 511 1.54 485 154 375 5.1x
000110010 .544 1.52 529 152 375 5.1x
000110101 .692 147 .642 148 450 4.3x
000110110 .701 147 .657 147 486 4.0x
000110011 .690 147 .645 147 484 4.0x
011010110 .700 1.62 .659 1.63 13.02 1.5x
100110110 .702 1.57 .660 1.57 13.62 1.4x
110011001 .702 1.62 .659 1.63 13.69 1.4x
o1rrr1oor 716 1.60 .671 1.60 1530 1.3x
111110101  .832 1.14 .832 1.14 1848 1.0x
111110011 856 1.14 .856 1.14 18.58 1.0x
111110110 .858 1.14 .858 1.14 18.67 1.0x
11111110 994 1.03 994 1.03 19.12 1.0x
111111101 997 1.03 .997 1.03 1927 1.0x

pruned, making policy learning tractable. This connects directly to the RL framework of QA-Token (App. A):
both sparsification and tokenization can be jointly optimized within a unified sequential decision-making
framework.

C Appendix B: The Formal Substrate, Identification, Optimal Design, and
Limits

B.0 Notation and Conventions

State z; € S, action u; € U, output y; € Y with dynamics x4+1 ~ Tp(- | =¢,u;) and measurement

yr ~ My(- | x¢). Policies are denoted 7(u; | x<;). The frozen proxy model is always denoted F.

Equivalence classes (e.g., neuron permutations, similarity transforms) form a group G; identifiability is

modulo G. We use Fisher information with respect to (0, 7) and write Z (6, n). Mixing is geometric under a
fixed 7. All scalarization weights ) live in a simplex A* and schedules are Lipschitz in step index.

C.1 B.1 From Linear Theory to Nonlinear Practice

Linear Baseline. We first establish identifiability for linear-Gaussian systems as a theoretical anchor:

Ter1 = Arg + Bug + wy, wy ~ N (0, Qu), )]
yr = Cxy + vy, Vg ~ N(O, Rv) )
Theorem C.1 (Linear Identifiability; classical, cf. Ljung [36], Ch. 7). Under controllability, observability,

persistent excitation, and Gaussian noise, parameters (A, B, C, Q., Ry) are identifiable up to similarity
transforms. We state this classical result as a baseline anchor for the nonlinear extension below.

Nonlinear, partially observed, controlled dynamics. For deep models 7y : S x U/ — A(S) and a
measurement map M,, : S — A()) observed under an intervention policy 7(u | x), we state conditions
ensuring local identifiability up to natural equivalences.
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Definition C.1 (Geometric mixing under a policy). For a fixed policy 7, the controlled process (x, u, yt)
is geometrically mixing if there exist constants C' < oo and p € (0, 1) such that for all bounded f and
all initializations xo, ||E[f(z¢,yt) | ®o] — E[f (x4, y1)] H < C p'. This property is policy-dependent and is
implied by suitable drift and minorization conditions for the Markov kernel induced by (Tg, ).

Definition C.2 (Equivalence class). Two parameter pairs (6,n) and (6',7') are equivalent, written (6,1) ~
(0',1), if there exists a reparameterization ® in a known group G (e.g., neuron permutations within layers,
similarity transforms of latent realizations) such that Tor = ® o Ty o @' and My =M, 0 oL,

Theorem C.2 (Local identifiability up to equivalence classes). Assume: (i) Regularity: (6,1) — (Tp, My)
is real-analytic on a compact parameter set; (ii) Observability: The pair (Ty, M) satisfies a local nonlinear
observability rank condition along typical trajectories induced by m in a neighborhood of interest; (iii)
Persistent excitation: The policy 7 induces inputs whose covariance has full rank on a compact action
neighborhood and yields geometric mixing of the controlled process under (6,n); (iv) Structural identifiability:
The parameterization (0,7m) — (Tg, M) satisfies: (iv-a) the measurement network M, has injective
Jacobian OM,,/0x a.e. on the support of the stationary distribution; (iv-b) the transition network Ty uses
non-polynomial activations (e.g., ReLU, sigmoid) with layer widths exceeding the latent dimension ng; and
(iv-c) no two distinct orbits [(0,n)]g # [(0',7)]g in ©/G induce identical output distributions for the excited
trajectories guaranteed by (iii). Then (6, n) is locally identifiable modulo G.

Condition (iv-c) is generically satisfied for real-analytic parameterizations: by the identity theorem for
analytic functions, the set of parameters producing identical output distributions is a proper analytic subvariety
of ©, hence measure-zero. This argument follows Sussmann (1977) for nonlinear observability and extends
via recent network identifiability results showing that non-polynomial networks with sufficient width are
generically identifiable up to permutation symmetries [37]. The hypotheses make explicit the role of the
measurement channel M and the intervention policy 7. In practice, we report regions of state—action space
where the observability rank condition holds and quantify excitation via Fisher information lower bounds.

Proposition C.1 (Fisher information nonsingularity modulo G). Under the conditions of the theorem and
assuming correct model specification, the expected log-likelihood L(0,n) = E[log pg(yo.1 | wo.7—1)] is twice
continuously differentiable and its Fisher information matrix T(0,n) = —E[V2L] is positive semidefinite
with nullspace corresponding exactly to the tangent space of the equivalence class G at (0,7). Consequently,
restricted to an identifiable chart transverse to G, I is positive definite, yielding local asymptotic normality
and efficient estimation [36, 38, 39].

Proof outline. We establish the result in five steps. Step I (Regularity). Analyticity of (6,1) — (Tp, My)
ensures that £(6,n) is twice continuously differentiable, so the Fisher information Z = —E[V2L] is well-
defined and continuous in (0, 7). Step 2 (Score spans transverse directions). The observability rank condition
(ii) guarantees that the score V(g ) log pg(yo.7 | uo.7—1) spans all directions in parameter space transverse
to the symmetry orbits of G: if it did not, there would exist a non-G direction v with v' Vlogpy = 0
a.s., contradicting local observability along excited trajectories. Step 3 (Ergodic replacement). Geometric
mixing under 7 (Definition B.1.1) provides a geometric ergodic theorem: time-averaged score outer products
converge to T at rate O(p’), justifying the replacement of trajectory expectations by stationary expectations
[36]. Step 4 (Excluding flat directions). Suppose for contradiction that 7 has a null eigenvector v L T(y ,)G.
Then v V2L v = 0 in expectation, implying the score projection v' VL = 0 a.s. on the support. By
analyticity plus compactness of the parameter set, this extends to an open neighborhood, contradicting the
full-rank observability condition (ii) combined with persistent excitation (iii). Step 5 (Conclusion). On an
identifiable chart transverse to G, 7 is positive definite. Standard theory for partially observed state-space
models [36, 39] then yields local asymptotic normality and efficient estimation, where the chain rule through
the compositional layers of 7y and M,, preserves the score structure via the implicit function theorem
[38]. O
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C.2 B.2 Honest Assessment of Experimental Design Guarantees

Submodularity for Linear Models. For linear-Gaussian systems, the mutual information objective

P
|29 — E@CT(CszgcT + R) 10529’

F(S) = 1(6: Ys) = | log (10)

is provably submodular, yielding the classical guarantee:

Theorem C.3 (Greedy Approximation for Linear Systems). For linear-Gaussian models, greedy selection
achieves F'(Sg) > (1 — 1/e) maxg<j, F'(S).

Nonlinear Models: Weak/Adaptive Submodularity Guarantees. For general nonlinear models, F'(.S)
need not be submodular. We adopt weak submodularity and adaptive submodularity frameworks to retain
approximation guarantees under verifiable conditions.

Definition C.3 (Submodularity ratio). For a set function F : 2¥ — R and L C X, the submodularity ratio

F(SuU —F(S
over sets of size at most k is vy, = nglﬁ]gk SgiI}cf\L ZGELF((S&J L){i}J)J’(S) ( )) .

Theorem C.4 (Greedy under weak submodularity). Suppose F' is nonnegative and monotone with submod-

ularity ratio v, > 0. Then the greedy selection S¢ of size k satisfies F(Sg) > (1 — 677’“) ‘rg'a}](gF(S).
<

Moreover, if an MI surrogate F is m-restricted strongly concave and L-smooth over the selected feature
subspace, then ~y;, > m/ L is computable from Hessian bounds.

For sequential (batch-adaptive) designs with conditional MI, if F' is adaptively monotone with adaptive
submodularity, then adaptive greedy attains a (1 — 1/¢)-approximation [40]. We estimate 7y, via restricted
eigenvalue bounds of the Fisher information or Gauss—Newton approximation and default to Latin Hypercube
Design [41] when ~y;, falls below a threshold, ensuring space-filling coverage with dispersion (’)(kz_l/ 1), We
also report empirical v, with confidence intervals from subsampled Hessian spectra, and we provide regret
curves of MGED versus Latin Hypercube under Lipschitz MI surrogates.

C.3 B.3 QA-Token: PMI/MDL/A Lyyoxy

Segmentation-invariant PMI. For candidate merge (a, b) with base strings &, b € X+, define
Py(ab)

Pi(@)Pi1(b) +ef’

using base-level probabilities P, P» computed once on the corpus, where €; = 1/|C| is a Laplace smoothing
constant that prevents division by zero for unseen bigrams. For our corpus sizes (|C| > 10'°), e, < 10710
contributing bias < 0.01 nats to PMI estimates.

PMIy(a,b) = log — (11)

Proposition C.2 (PMI refresh bias bound). Let Py, P be empirical base-level probabilities computed on
an initial segmentation and let 151’ , 152’ be the probabilities after K merges. If merges affect at most a frac-
tion ag of bigram counts within any window of length L, then for any candidate (a,b), |PMI(EK) (a,b) —
PMI(ZO)(a, b)| < Cr ag, where Cp, = 2(L + 1)/ min s Pr(s) depends on the minimum L-gram proba-
bility in the corpus. For genomic data with alphabet |¥|=4 and context length L=10, empirical estimates
yield C, € [3.2,8.7] across our pilot datasets. Scheduling a refresh every K merges ensures o — 0 as
K — 0, and our incremental update strategy yields O(a i N) overhead per refresh on a corpus of size N.
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Two-part MDL with boundary penalties. With vocabulary V over 1 and a unigram code over token
sequences with explicit boundary markers, let

MDL(V | C) = L(V)+ L(C | V), L(C|V)=-> nilogm +rB(V;C), (12)
teV

where 7 is the universal code over tokens (e.g., KT coding) and B(V'; C) counts boundary symbols induced
by segmentation. Define AMDL(a, b) as the change after adding ¢,;. Then:

Proposition C.3 (Positivity of MDL improvement). Under KT coding and fixed k > 0, AMDL(a,b) < 0 if
and only if the expected codelength under the induced source model decreases. In particular, if the empirical
likelihood gain of replacing occurrences of (a,b) by t,;, exceeds the increase in model cost plus boundary
penalties, the merge is MDL-improving.

Proxy-loss delta.
1

ALproxy(a,b) = Do Z [L(F (toky g,y (2))) — L(F (toky (x)))], (13)
YU 2€Dyar

with a frozen proxy model F and length-normalized pooling to prevent trivial gains.

C.4 B.4 RL Formulation and Curriculum

Within an episode with frozen reward normalization, state s; = (V;, &), action a; = (a, b), and reward
re = A\oQ(tay) + A PMIs(a, b) — Ac AMDL(a,b) — Ap ALproxy(a, b). (14)

Proposition C.4 (Boundedness). Under bounded Q) € [0, 1], finite corpus, and universal lexicon codes,
|ri| < oo and the finite-horizon return is well-defined.

Define a sigmoid schedule on A from (Ag, A7, Ac,0) to ()\’Q, N5 Ay ) to ensure smooth transitions
and bounded surrogate degradation.

Reward normalization. We fix per-term normalization constants cg,cr,cc,cp > 0 at the start of
each episode using robust corpus-wide estimates (median and MAD scaling) and use 7, = A\gQ/cq +
Ar PMlIx /cr — Ac AMDL/cc — Ap ALproxy/cp to ensure episode consistency.

Lemma C.1 (Curriculum surrogate monotonicity). Let J(\) = E[3,(AqQ + A PMIy — A\c AMDL)] —
A B[S, ALpowy). If J is Ly-Lipschitz in \ and the schedule satisfies | A\ 1 — M|l < € with optimization
error non-increasing, then J(\gy1) > J(M\) — Lye. Choosing € < /Ly guarantees non-increasing
surrogate degradation by at most € per step.

Proof. Immediate from the Lipschitz property: J(Ary1) > J(Ax) — Lal[Mes1 — Mell > J(M) — Lye. O
The following corollary combines the schedule bound with the optimizer and Gumbel-Softmax approxi-
mation errors to give a total suboptimality guarantee:

Proposition C.5 (Total suboptimality gap). Under Lemma C.1, if additionally the policy optimizer achieves
Eopt-suboptimality per step and the Gumbel-Softmax bias is O(1) (Lemma C.2), the surrogate objective after
K schedule steps satisfies J(\i) > J(Mo) — K(Lxe + opt). The total suboptimality gap relative to the
oracle discrete objective is O(Ke+ 1+ 1/ VM ), where M is the Gumbel-Softmax sample count per step.
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Lemma C.2 (Gumbel-Softmax gradient bias; adapted fg{n Jang et al. [32], Maddison et al. [33]). Let V.J
be the true gradient of the discrete merge objective and V J ; the gradient estimator under Gumbel-Softmax
temperature T > 0 with M samples. Then for Ly-Lipschitz losses and bounded logits, HE[VJ ] —=VJ H <

Ch, Var(ﬁT) < Cy/M, where Cy = Ly - diam(AlV1) and Cy = L? - Var[Gumbel(0, 1)] =~ 2.70 L2
are characterized by the loss Lipschitz constant and the vocabulary simplex diameter. As 7 — 0 and
M — o0, the estimator is asymptotically unbiased. We verify consistency of trends using a variance-reduced
REINFORCE control variate (REBAR/RELAX).

C.5 B.5 Comprehensive Treatment of Model Limitations

C.5.1 Causal Inference in Nonlinear Models

While our linear analysis provides clean guarantees, the proposed deep architectures face fundamental
challenges:
Confounding. Despite randomized experiments, hidden confounders may exist. We address this via:

* Instrumental variable approaches when natural experiments arise
* Sensitivity analysis bounding effects under unmeasured confounding
* Negative controls to detect residual bias

Extrapolation. Neural networks can produce unreliable predictions outside training support. We
implement:

* Ensemble uncertainty estimates via deep ensembles

* QOut-of-distribution detection using likelihood ratios

* Conservative policy constraints: ||t — tUygin||2 < €
Calibration and OOD analyses. We report calibration curves (ECE/Brier) for forecasting and counter-
factual tasks, OOD detection AUROC using density-ratio tests, and ablations on uncertainty-regularized
inverse design.
C.5.2 QA-Token Limitations

* Proxy Bias: While curriculum learning helps, the 100M proxy fundamentally limits vocabulary quality
for 7B+ models. We provide extensive ablations showing robustness.

* Quality Calibration: Phred scores may be miscalibrated for novel sequencing platforms. We include
platform-specific calibration curves.

» Computational Cost: RL-based vocabulary learning requires 50-100 GPU-hours vs 1 hour for standard
BPE.
C.5.3 Diagnostic Suite

We provide:

actual gain

1. Submodularity ratio monitoring: Yt = submodular bound

2. Causal effect validation via held-out randomized trials
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3. Uncertainty calibration plots for all predictions

4. Vocabulary stability analysis across random seeds

C.5.4 Robustness to Quality Miscalibration

We assess robustness to platform-specific quality miscalibration by applying calibrated and intentionally
perturbed quality mappings (e.g., affine and sigmoid warps of Phred-derived features) and measuring the
downstream impact on QA-Token decisions and model performance. We report platform-wise calibration
curves, induced changes in the Pareto frontier, and the degradation of A Lpoxy under misspecification. We
further evaluate a calibration-corrected variant using isotonic regression on held-out controls, which largely
mitigates degradation.

C.6 B.6 Causal Identifiability under Latent Confounding

We model the ecosystem with an SCM G in which latent variables h; may influence both state x; and
intervention u;. Under the graph hy — {x, u: }, causal effect p(z,4,|do(u)) is identifiable if

(1) measured mediators z; satisfy the front—door criterion w; — 2; — Ty With hy = 245
(i1) or an instrumental variable w; (e.g., optogenetic timing) affects u; but not x4y except through wu;.

Assumptions are explicit: (A1) Positivity: all required conditionals have support; (A2) Sequential indepen-
dence: given x<;, 2 blocks all backdoor paths from u; to zy-; (A3) Exclusion: w; - ., except through
ug; (A4) Relevance: Var(E[u; | wi]) > 0; (A5) Monotonicity for LATE. For (i) we provide the three—step
front—door adjustment with explicit time indices:

Efzeir | do(ur = w)] =Y p(ze | w=w,w<) D p(uf | w<) Y @per p(Tetr | 22, uf, <),

2t uy Tttr

under the standard front—door conditions (exclusion and conditional ignorability). For (ii) in the scalar linear
case with a binary instrument w; € {0,1},

E[xt—H' | wt:” - E[l‘t_H— | wt:O]
E[Ut | wt:” - E[Ut | wt:0] ’

Wald(r) =

and more generally we rely on 2SLS/NPIV with assumptions of relevance, exclusion, and independence (with
LATE interpretation under monotonicity). For continuous instruments, NPIV identifies E[x;, | do(u;)]
from the conditional moment E[x;, — g(u;) | w] = 0 under completeness [42]. When neither (i) nor (ii)
hold, we report Rosenbaum bounds with sensitivity parameter I". Diagnostics and code are provided.

Sequential formulations. Dynamic front—door/IV estimands are stated with time-ordering, and we provide
sequential versions suitable for policies m(u¢ | x<¢) with positivity and appropriate Markov/sequential
ignorability assumptions [43, 44].

B.7 Safety-aware Inverse Design: Feasibility and Robustness

We formalize the safety constraints in inverse design using distributionally robust optimization. Let P be a
divergence ball around the empirical distribution p defined by an f-divergence Dy or a Wasserstein metric.
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Proposition C.6 (DRO feasibility and safe trust region). If D¢(p ||p) < p and the loss is L-Lipschitz in
actions, then the worst-case expected deviation obeys sup,cp Ep[l(u)] < Ep[€(u)] + cf(p) with an explicit
penalty cy(p) [45, 46]. Enforcing D(mpen, u) < p defines a trust region that guarantees feasibility under
uncertainty sets.

Proposition C.7 (Chance-constraint relaxation). For constraint g(u) < 0 with random perturbations of
bounded variance o, Cantelli’s inequality yields P(g(u) < 0) > 1 — a if E[g(u)] + /1220 < 0.
Alternatively, enforcing CVaR1_4(g(u)) < 0 provides a coherent and convex surrogate [47].

We instantiate D as KL, x2, or Wasserstein [48] with plug-in estimators. Explicitly: for KL diver-
gence, ckr,(p) = \/2p - Vary[¢(u)] (Donsker—Varadhan); for x* divergence, c,2(p) = /p - stdp[€(u)]; for
Wasserstein-1, cyy, (p) = p - Lip(¢). We report feasibility certificates for proposed interventions using the
tightest applicable bound.

B.8 Reproducibility and Statistical Protocols

We report > 5 seeds for all key metrics with mean/STD/95% Cls (Student ¢ or bootstrap), matched com-
pute/time budgets across methods, leakage checks, and release raw vocabularies and training logs sufficient for
independent verification. All tables in the main paper and appendices include seed counts and CI computation
details.

D Appendix C: A Multiscale Architecture for Causal Biology

We detail the long-context sequence encoder (Mamba—Transformer hybrid), hypergraph dynamics for
metabolic networks, cross-modal co-attention, training objectives for forecasting, counterfactual prediction,
and policy synthesis, as well as schemas and evaluation protocols.

D.1 Motivating AI Capabilities (Detailed)

* From Genes to Function Without Experimentation. While current models predict protein structure
from sequence [49], our objective is to predict entire metabolic landscapes from genomic blueprints.
Pre-training transcends naive masked language modeling: (1) Operon-Aware Masking compels
prediction of functional units, not just individual genes [8, 15]; (2) Metabolite Diffusion generates
probable chemical fingerprints from genetic context using principles that revolutionized protein design
[50, 51]; and (3) Counterfactual Contrasts encourage causal structure by learning which perturbations
induce which metabolic shifts [52].

* Biological Programming: Compiling Health States into Microbial Interventions. The inverse
problem—designing interventions to achieve specific biological outcomes—remains a core challenge
in medicine. We frame microbiome engineering as an offline reinforcement learning problem [27]. A
Decision Transformer [28] learns from the 100,000+ perturbation trajectories to act as a biological
compiler: given a target metabolic state, the model outputs a minimal genetic or chemical intervention
predicted to achieve it. To mitigate out-of-distribution actions in offline RL, we incorporate uncertainty-
aware regularization to ensure proposed interventions are biochemically plausible and lie within a
trusted region of the learned policy.

* Universal Perturbation Engine: Zero-Shot Prediction of Any Intervention. A central goal is to
develop a model that learns a general theory of biological perturbation [11]. This involves moving
beyond interpolating between observed cause-effect pairs to understanding the underlying principles
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governing how interventions propagate through metabolic networks. This capability would enable the
prediction of effects from entirely novel compounds or genetic modifications, transforming therapeutic
discovery from a stochastic to a deterministic process.

D.2 Architecture Rationale (Acknowledging Complexity)

Why Multiple Components? We acknowledge the "kitchen sink" appearance of combining Mamba,
Transformer, and Hypergraph NNs. Each addresses a specific biological constraint:

« Mamba: O(N) complexity for million-base sequences (Transformers’ O(N?) is prohibitive)

* Transformer: Precise attention for regulatory motifs (Mamba lacks position-specific precision)

* Hypergraph NN: Many-to-many metabolic reactions (pairwise GNNs are fundamentally inadequate)
Integration Strategy: Rather than naive concatenation, we use:

1. Hierarchical Processing: Mamba processes full sequences — Transformer refines key regions
2. Learned Gating: Attention weights determine when to use which component

3. Ablation Studies: Each component improves performance by up to 8% (Table 7)

Table 7: Architecture ablation for Darwin-7B. Each row removes one component and retrains from scratch
with matched compute budget. All differences are significant (p < 0.05, > 5 seeds).

Configuration Pathogen MCC Profiling F1 Pathway wF1
Full Darwin-7B 945+ 0.4 0.98+0.01 0.91+0.02
w/o Mamba (Transformer only) 93.8 (-0.7) 0.95 (-0.03) 0.88 (-0.03)
w/o Transformer (Mamba only) 93.1 (-1.4) 0.96 (-0.02) 0.86 (-0.05)
w/o Hypergraph NN 94.2 (-0.3) 0.97 (-0.01) 0.84 (-0.07)
w/o Cross-modal attention 94.0 (-0.5) 0.97 (-0.01) 0.85 (-0.06)

Training Challenges: This architecture requires careful initialization, gradient clipping, and three-stage
curriculum learning. Training instability is mitigated by periodic checkpoints every 1,000 steps.

* The Million-Base Memory Problem: Regulatory elements within a single bacterial genome can
be separated by millions of bases, a scale that exceeds the quadratic attention horizon of standard
Transformers. Our proposed solution integrates Mamba’s state-space models [53, 54] for O(N) scaling
across whole-chromosome contexts with surgical Transformer attention for base-pair precision where
required. This hierarchical approach mirrors the multi-scale organization of biological systems, from
nucleotides to operons to regulons.

* Beyond Pairwise Thinking: Metabolic reactions are fundamentally combinatorial; a single enzyme
complex might involve multiple cofactors and substrates to produce several products. Standard
Graph Neural Networks (GNNs) are structurally inadequate for such relationships. Our Hypergraph
Neural Network [55, 56] natively represents these many-to-many interactions, providing the requisite
mathematical framework to model complex biochemical pathways and population-level behaviors.
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* The Central Dogma Isn’t Unidirectional: The flow of biological information is not unidirectional
from DNA to metabolite; feedback loops are common. Our Cross-Modal Co-Attention architecture
[57, 58] is designed to learn these bidirectional relationships, enabling metabolomic signatures to query
the genetic loci that produced them and, conversely, for genomic regions to predict their metabolic
consequences.

E Appendix C': Darwin-7B, Extended Benchmark Results

E.1 Training Data Composition
Darwin-7B is pre-trained on a multi-omic corpus processed through the sparsification + QA-Token pipeline:

» Metagenomics: 8 trillion base pairs from Illumina short-read environmental and clinical samples
sourced from Phase 1 of CausalOmics-10T. After sparsification (pattern 1111 | 1110) and QA-
tokenization, this yields ~2T quality-aware genomic tokens.

* Metabolomics: 250K metabolite profiles (LC-MS/MS) across diverse sample types, each with 5,000+
mass spectral features, tokenized into hierarchical metabolomic tokens via the SNR-weighted QA-
Token variant (Qmet(t) = 0 (SNR(%)/SNRpedian — 1)).

E.2 Model Context

Existing frontier models occupy distinct niches in training data space:

* Evo2 [6] (up to 40B parameters): Trained on assembled genomes, clean, single-organism, no envi-
ronmental context. Excels at genome understanding but cannot process raw metagenomic samples or
metabolomic data.

* METAGENE-1 [5] (7B parameters): Trained on 1.5T bp of raw metagenomic reads with standard BPE
tokenization. Strong on pathogen detection but lacks metabolomic reasoning and quality awareness.

* Darwin-7B (7B parameters): The latest model in the Darwin series. First model to combine multi-omic
data (metagenomics + metabolomics) via the sparsify-then-tokenize pipeline, pre-trained on 8T bp.
Achieves state-of-the-art performance across all benchmarks while being 18 x faster at inference.

E.3 Inference Efficiency Analysis

The 18 inference speedup and 10x cost reduction arise from two complementary mechanisms: (1) sparsified
tokenization produces longer, more informative tokens (~2T from 8T bp vs. ~2.35T for BPE), enabling
the same information content to be processed in fewer forward passes; (2) the Mamba—Transformer hybrid
architecture achieves O (V) scaling for the majority of sequence processing, with O(N?) attention reserved
for short regulatory-motif windows.

F Appendix D: Realistic Experimental Plan and Budget

F.1 Al-in-the-loop Experiments (Detailed MGED)

Our experimental strategy implements a continuously improving cycle where the Al model guides subsequent
data generation. The foundation model, pre-trained on the 10T base-pair dataset, will perform millions of
in silico simulations to identify physical experiments likely to yield maximal new biological insight. This

28



is achieved through a formal Model-Guided Experimental Design (MGED) framework [59]. To balance
the exploration-exploitation trade-off, this framework will not only prioritize experiments that maximally
reduce the model’s epistemic uncertainty [52], but will also incorporate Thompson sampling to ensure the
systematic exploration of the entire experimental space, preventing premature convergence to local optima.
Our experimental platforms will then execute only the most informative experiments, and the resulting data
will be used to refine the foundation model in an active learning loop.

Granular Execution Plan with Batch Effect Mitigation Problem: Inter-lab variation can exceed biologi-
cal signal by 10-fold (pilot data: 35% of variance).
Solution Architecture:

1. Standardization Hub ($5M): - Central facility produces and ships standardized reagents (media,
primers, standards) - Robotic liquid handlers programmed with identical protocols - Reference samples
included in every batch (5% overhead)

2. Hierarchical Experimental Design: - Labs assigned to blocks; each lab runs complete factorial
subsets - Overlap experiments (10%) enable cross-lab calibration - Statistical model: Y;;; = p +
Lab; + Batch;; + Treatmenty, + €

3. Real-time Quality Monitoring: - Automated QC metrics computed within 4 hours of data generation
- Labs failing QC thresholds (> 20 from reference) must re-run - Expected re-run rate: 15% (budgeted)

4. Computational Harmonization: - ComBat-seq for RNA-seq batch correction - COCONUT for
metabolomics alignment - Deep variational autoencoders for joint embedding

Revised Budget: $40M experiments + $10M QC/harmonization = $50M total Phase 2.

* Tier 1 (Screening): Microbiome-on-Chip Arrays [20, 21] will serve as our primary high-throughput
platform, enabling the screening of thousands of microbial communities against thousands of perturba-
tions to identify statistically significant interaction effects.

* Tier 2 (Mechanistic Insight): High-potential interactions from Tier 1 will be interrogated at higher
resolution. This includes a targeted subset of ~5,000 trajectories using our Single-Cell Metabolomics
and Optogenetic Control platforms with high-frequency (5-minute) sampling to resolve fast-acting
mechanistic dynamics.

* Tier 3 (Pre-clinical Validation): The most well-supported causal mechanisms will be validated in
our Human Gut Simulators with Multi-Organ Feedback [22, 23], providing the highest-fidelity in vitro
model.

F.2 MGED Simulation Study: Regret and Empirical

We simulate nonlinear experimental settings to compare MGED greedy selection against Latin Hypercube
Design. For each synthetic environment with Lipschitz MI surrogates, we report (i) cumulative regret relative
to an oracle set, (ii) empirical submodularity ratio 4, with bootstrap confidence intervals from restricted
Hessian spectra, and (iii) final objective values and dispersion metrics. We enforce a fallback to Latin
Hypercube when 45, < vymin to guarantee coverage. Results include regret curves and 4y, trajectories for
multiple seeds and model classes.
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G Appendix E: The Scientific Program Enabled by CausalOmics-10T

The CausalOmics-10T dataset is designed to accelerate research toward predictive and quantitative microbiol-
ogy by providing the scale, quality, and causal structure currently absent from public archives.

Predictive and Therapeutic Engineering

* Forecasting Microbiome Dynamics: Much like weather forecasting, we predict the trajectory of
microbial ecosystems under different conditions. Use cases include recovery from antibiotic-induced
dysbiosis, responses to dietary shifts, and engraftment success of live biotherapeutics.

* Rational Design of Interventions: Beyond trial-and-error, the in silico design of microbiome-based
therapies enables novel treatments for chronic diseases like IBD [60, 61] and climate-smart agriculture
via microbial consortia that enhance nitrogen fixation and reduce fertilizer dependence [62—64].

Uncovering Fundamental Biological Principles Beyond immediate applications lies the ability to address
foundational mysteries:

* Illuminating Biology’s '""Dark Matter'': Just as AlphaFold illuminated protein structure, our models
will systematically assign functions to the vast number of unannotated genes and metabolites discovered
in sequencing surveys [65, 66]. This moves beyond simple homology-based annotation to functional
prediction based on deep biological context.

* Elucidating Host-Microbe Interactions: We will map the complex molecular dialogue between
microbes and host cells. Our models will identify which microbes act to protect against disease,
how they shape host immune repertoires, and the specific mechanisms—from secreted metabolites to
cell-surface proteins—that govern these interactions.

* Mapping Microbiome Biogeography: We will uncover the design principles of microbial communi-
ties by mapping their spatial organization. The dataset will enable models to learn how spatial structure
influences function and how these structures reconfigure in response to environmental change, a critical
and underexplored dimension of microbial ecology.

* Discovering Ecological Design Principles: We will move from describing communities to discovering
the fundamental rules that govern their assembly, stability, and resilience [67, 68].

H Appendix F: Ethics, Data Governance, and Responsible Innovation

Data Sovereignty and Consent. Human-derived microbiome samples require explicit informed consent
addressing: (i) long-term storage, (ii) commercial use potential, (iii) data sharing protocols. We implement
tiered consent allowing participants to control usage scope.

Privacy Protection. Microbiome data can reveal health status, diet, and location. We employ: (i)
k-anonymity (k > 5) for metadata, (ii) differential privacy (e = 1.0) for aggregate statistics, (iii) secure
multi-party computation for sensitive analyses.

DP composition and accounting. Repeated releases compound privacy loss. We adopt Rényi Differential
Privacy (RDP) accounting for composition and conversion to (e, )-DP [69], and the moments accountant
for tight bounds under subsampling [70]. For weekly releases, we publish the per-release privacy budget
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and cumulative (¢, ) with confidence intervals. We also evaluate privacy amplification by subsampling for
federated aggregation; composition over time uses standard DP boosting arguments [71].
Benefit Sharing. Communities providing samples receive: (i) priority access to research findings, (ii)
representation on governance board, (iii) 5% of commercial licensing revenue returned to source communities.
Environmental Impact. Computational footprint estimated at 500 MWh. We commit to: (i) carbon-
neutral computing via renewable energy credits, (ii) efficient algorithms reducing energy by 3 vs. baseline,
(iii) public carbon accounting.

I Appendix G: Pilot Data Demonstrating Feasibility

I.1 G.1 End-to-End Demonstration on 10TB Pilot

We process 10TB of SRA Illumina short-read metagenomic data through the complete sparsification +
QA-Token pipeline:

* Input: 10M reads from 25,000 diverse microbiome samples (gut, soil, ocean)

* Sparsification: Evaluated 224 pattern configurations; selected Pareto-optimal pattern (1111 | 1110)
achieving F1=0.994 with 1.0x overhead

* Quality Assessment: Computed Phred scores, GC bias, adapter contamination (12 CPU-hours)
* Tokenization: Ran 5k merge steps with 100M proxy model (48 GPU-hours)
¢ Validation: Trained 500M model on QA-Token vs BPE vocabularies

Result: 12% improvement in bits per base pair (95% CI: [10.3%, 13.7%])

Usable data expansion: Combined pipeline lifts usable fraction from 5% to 40% (+35 pp, 8 x data)

.2 G.2 Causal Trajectory Pilot (100 Experiments)

We generate 100 interventional trajectories to assess identifiability:

* Design: 2x2x5 factorial (2 species, 2 compounds, 5 doses), 12 timepoints

* Causal Analysis: - 23% meet the front-door criterion (metabolite mediators measured) - 31% have
valid IVs (randomized timing) - 46% require sensitivity analysis (unmeasured confounding likely)

» Cost: $2,100 per trajectory at pilot scale (10x higher than projected scale)

* Key Learning: Batch effects between labs contribute 35% of variance, requiring dedicated harmoniza-
tion

1.3 G.3 Computational Scaling Analysis

Throughput and energy assumptions. We assume GPU nodes with 350 TFLOPS BF16 effective through-
put and 1.5 kW TDP, with parallel efficiency of 70% for PMI kernels and 60% for RL training due to
communication overhead. For CPU quality scoring we assume 2.5 GHz cores at 15 W TDP. The 100 PB
scenario thus draws roughly 4.8M GPU-hr x 1.5 kW = 7.2 GWh (upper bound), amortized by in-storage
compute [16, 72, 17, 73] that reduces 10 by ~ 8x, building on demonstrated speedups for genome sequence
analysis. We schedule PMI statistics refresh every K merges (e.g., K = 5000) with an incremental update
strategy that re-computes only affected local co-occurrence counts, yielding ~10% overhead over the base
RL loop.
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Operation 1TB 1PB (proj.) 100PB (proj.)

Quality Scoring 12 CPU-hr 12k CPU-hr  1.2M CPU-hr
PMI Computation 8 GPU-hr 8k GPU-hr 800k GPU-hr
RL Training 48 GPU-hr 48k GPU-hr  4.8M GPU-hr
Total 68 hr 68k hr 6.8M hr

Table 8: Computational requirements scale super-linearly due to vocabulary growth

Robustness to quality miscalibration. We run platform-specific calibration analyses for ONT and NGS,
reporting pre/post calibration curves and the induced changes in variant calling F1, taxonomic accuracy F1,
and reconstruction loss. Miscalibration is simulated via affine and sigmoid warps of Phred-derived features
and corrected via isotonic regression using reference controls; Pareto frontier shifts are also quantified.

J Appendix H: Why Now — Convergence, Timing, and Readiness

This proposal is timely because it stands at the confluence of four trends that have sparked the Al revolution:
the development of powerful deep learning algorithms, the availability of specialized hardware (GPUs), the
creation of open-source software ecosystems, and access to massive datasets. We leverage this convergence
to solve the three core challenges that have held back Al in biology: (1) The Scale Problem, which we
solve by creating the largest interventional microbiome dataset; (2) The Quality Problem, which we solve
with our QA-Token framework; and (3) The Causality Problem, which we address with 100,000+ targeted
perturbation experiments.

CausalOmics-10T operationalizes this convergence through a data flywheel: reclaiming the vast majority
of existing public data, compressing it into semantically meaningful tokens, pre-training a foundation model,
and using that model to guide wet-lab experiments that generate causal signal at 20x the information yield of
conventional approaches. This is a blueprint for foundational predictive models of microbial ecosystems,
where a $50M investment delivers the equivalent of a $1B+ untargeted dataset.

K Appendix I: Making the Long Tail Usable — Foundation-Scale Evidence

Problem statement. Let D, denote a corpus with heterogeneous per-base/per-measurement quality
distributions that violate i.i.d. assumptions and render standard frequency-only tokenization unstable. Define
the usable subset for a tokenizer Z as the set of inputs for which the induced token sequence has bounded
cross-entropy under a fixed proxy model: U(Z) = {& € Draw : Lproxy(tokz(z)) < 7}. QA-Token expands
U(Z) by incorporating quality-aware scoring and MDL-regularized merges (Eqs. 6-7).

Formal claim (informal). Under calibrated quality signals and stationary noise, the QA-Token merge
policy that maximizes expected reward strictly increases the measure of usable data, [/ (Zqa)| > [U(ZgpE)|.
for any fixed threshold 7, with strict inequality when the raw corpus contains non-negligible regions of high-
noise segments. Sketch: Decompose proxy loss into quality-weighted mutual information and code-length
penalties; QA-Token merges down-weight low-quality contributions and preferentially form tokens aligned
to reliable structure, shifting sequences below the loss threshold. See App. C.

Foundation-model evidence at scale. We re-tokenize the 1.5 trillion bp METAGENE-1 [5] corpus using
QA-BPE-seq (vocab size 1,024; identical training protocol) and retrain the 7B model. The resulting foundation
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model achieves a new state-of-the-art on Pathogen Detection (MCC 92.96—94.53; see Table 2 in the main
text) and superior macro performance on the GUE benchmark (Table 9).

Table 9: Genome Understanding Evaluation (GUE): macro-averaged performance and per-task slices (MCC
unless noted).

Task CNN HyenaDNA DNABERT NT-2.5B-Multi DNABERT-2 METAGENE-1 METAGENE-1 (QA-Token)
TF-Mouse (AVG.) 453 51.0 577 67.0 68.0 714 72.8
TF-HUMAN (AVG.) 50.7 56.0 64.4 62.6 70.1 68.3 69.9
EMP (AVG.) 37.6 44.9 49.5 58.1 56.0 66.0 67.5
SSD 76.8 72.7 84.1 89.3 85.0 87.8 89.5
COVID (F1) 222 233 62.2 73.0 71.9 72.5 73.3
Global Win % 0.0 0.0 7.1 21.4 25.0 46.4 571

Threshold sensitivity analysis. We set 7 = 4.0 nats/token as the threshold at which a 500M proxy model
achieves >90% of its peak downstream task performance, validated on three held-out tasks (pathogen
detection, taxonomic profiling, metabolic pathway prediction). The usable fraction as a function of 7 is:
at 7=3.5, usable fraction is 28% (BPE: 3%); at 7=4.0, 40% (BPE: 5%); at 7=4.5, 52% (BPE: 8%). The
8% QA-Token expansion factor is robust across thresholds, ranging from 7.2x to 9.3 x, confirming that the
improvement is not an artifact of a particular 7 choice.

Compression and information retention. With identical vocabulary size, QA-Token yields ~315B tokens
from 1.69T bp vs ~370B for standard BPE, indicating longer, functionally coherent genomic constructs.
Let Lcode denote the description length under the learned lexicon; QA-Token minimizes E[L¢qq.] subject to
quality-weighted fidelity, improving both compression and downstream loss, consistent with Eq. (7).

L. Appendix J: Optimizer-Agnostic QA-Token — Noisy Text and RL Modu-
larity

L.1 Noisy Social Media Text (TweetEval)

Table 10: TweetEval comparison on noisy social media text: QA-Token improves robustness across tasks.

Model Emoji Emotion Hate Irony Offensive Sentiment Stance ALL(TE)
BERTweet 334 79.3 56.4 82.1 79.5 73.4 71.2 67.9
SuperBPE + BERTweet 33.6 79.8 56.8 823 80.1 73.9 71.8 68.3
QA-BPE-nlp + BERTweet 33.8 81.1 58.2 825 82.6 74.5 73.1 69.4

L.2 Ablations on RL Algorithm Choice

Claim. Let 7, denote the policy class used to select merges. For any optimizer A that monotonically
improves the expected reward E[R] (Eq. 7) under unbiased gradient estimates, the induced vocabulary has
equivalent asymptotic optimality up to optimizer-dependent convergence rates. Empirically (Table 11),
PPO, GRPO, VAPO, and DAPO produce near-identical vocabularies (Jaccard > 0.95) and downstream
performance, confirming modularity.
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Table 11: RL optimizer ablation across domains: similar performance, training/inference cost, and high
vocabulary Jaccard vs PPO.

Configuration Metric Value Training Time (GPU-h) Inference Time (ms/seq) Vocab. Jaccard (vs PPO)
Genomics (QA-BPE-seq) — Variant F1

QA-Token (PPO)  0.891 34.0 10.2 0.99
QA-Token (GRPO) 0.890 32.5 10.3 0.98
QA-Token (VAPO) 0.892 31.8 10.2 0.97
QA-Token (DAPO) 0.889 34.2 10.4 0.98
Finance (QAT-QF ) — Sharpe Ratio

QA-Token (PPO) 1.72 28.0 15.2 0.99
QA-Token (GRPO) 1.71 26.5 15.3 0.96
QA-Token (VAPO) 1.73 25.0 15.1 0.95
QA-Token (DAPO) 1.70 28.5 15.2 0.96
Social Media (QA-BPE-nlp) — TweetEval Sentiment

QA-Token (PPO) 745 30.0 12.5 0.99
QA-Token (GRPO) 74.2 29.0 12.6 0.97
QA-Token (VAPO) 74.6 28.0 12.5 0.98
QA-Token (DAPO) 74.3 31.0 12.7 0.97

L.3 Ablation of Reward Components

To address the concern that the QA-Token reward function is an over-engineered heuristic, we perform an
ablation study on the METAGENE-1 re-training task. We systematically remove each of the four components
from the reward function (Eq. 7) and rebuild the vocabulary from scratch, keeping all other aspects of model
training identical. Table 12 shows the impact on the downstream Pathogen Detection benchmark. The results
confirm that while the proxy loss (ALpoxy) is the most critical component, the quality (@), information-
theoretic (PMI), and complexity (MDL) terms all provide significant, complementary contributions to the
final model’s performance. This supports our multi-objective design.

Table 12: Ablation study of QA-Token reward components on METAGENE-1 Pathogen Detection (MCC).
Reward Configuration Pathogen-Detect MCC

Full QA-Token Reward 94.53
Ablations:

w/o Quality (—AQQ) 93.12 (-1.41)
w/o PMI (—A;PMI) 93.89 (-0.64)
w/o MDL (+AcMDL) 94.01 (-0.52)
w/o Proxy Loss (—ApAL) 91.55 (-2.98)
Standard BPE (Baseline) 92.96
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