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Abstract

While researchers have gained access to tools and databases
that provide better access to genome sequences, the bottle-
neck for many such resources is in labelling, comparing, and
performing locus searches to identify orthologous sections
for newly found organisms. Large Language models such as
AgroNT have made significant progress in predicting such
functions, but its accuracy on predicting genes that play sim-
ilar roles between different organisms has not fully been es-
tablished yet. Thus, this study aims to use Cosine testing to
compare AgroNT’s prediction of Arabidopsis ARF gene
orthologs on an unmarked genome of Brachypodium distach-
yon and evaluate its level of accuracy.

Code — https://colab.research.google.com/drive/1s-
Ljup3jthUjhiShF-gFt6GLibz8Y 0pG?uspring=sha

Data — https://drive.google.com/drive/fold-
ers/IvVTUWM-n1wNrQdQ-3XE-
AaYG0928DWZqG?usp=sharing

Introduction

High-throughput sequencing and community resources
such as TAIR, Ensembl Plants, and NCBI have made high-
quality plant genomes straightforward to obtain. What re-
mains hard is the part we still do largely by hand: turning
raw sequence into functional labels, especially across spe-
cies. For many crops and wild relatives, gene and regulatory
annotations are sparse or missing, so cross-species curation
still leans heavily on BLAST-centric workflows and manual
alignment against model references like Arabidopsis thali-
ana. These approaches are powerful but do not scale to the
growing diversity of plant genomes.

Recent nucleotide language models (NLMs) learn distrib-
uted representations of DNA that capture sequence “gram-
mar” and regulatory regularities directly from base patterns.
AgroNT is one such plant-focused encoder trained on a
panel of crop genomes. If its embeddings carry enough func-
tional signal, they should allow us to retrieve likely ortholo-
gous or functionally similar regions in another genome with-
out first performing whole-genome alignment, and then to

localize those hits to near base-pair resolution with a small
amount of targeted scanning.

In this work we build and evaluate a minimal, reproducible

pipeline around this idea. Starting from a small set of Ara-
bidopsis AUX/IAA pathway genes, we embed each query
sequence with AgroNT and tile an unlabeled target genome
into fixed windows that are also embedded. We then rank
these windows by exact cosine similarity to the query em-
beddings to obtain a coarse set of candidate loci, and refine
the best candidates with a short fine-resolution scan inside
each tile to produce a single peak coordinate per query.
As a test case we focus on Brachypodium distachyon,
which is absent from AgroNT’s pre-training corpus but has
a well-annotated reference genome. This makes it a natural
out-of-distribution target: AgroNT never sees Brachypo-
dium labels during training, yet we can still compare its pre-
dictions against known ortholog positions. To keep the ex-
periments minimal and interpretable, we restrict the retrieval
pipeline to chromosome 1 and use a small query set of Ara-
bidopsis  AUX/IAA  genes—ARF5/MONOPTEROS
(AT1G19850), ARF7 (AT5G20730), ARF19
(AT1G19220), and IAA14 (AT4G14550)—while limiting
evaluation to seeds with annotated orthologs on this chro-
mosome.

For evaluation, we obtain ground-truth ortholog coordi-
nates from Ensembl Plants and hold them out strictly for
post hoc analysis. We measure how close each predicted lo-
cus falls to the orthologous gene interval and to the tran-
scription start site (TSS) on the correct strand, and we ex-
amine how accuracy varies with the size of the genomic
window we are willing to accept around the prediction. For
a familiar baseline, we optionally run BLAST/minimap2 in
anarrow band around the predicted peak to confirm the local
alignment and identity.

Our goal is not to replace alignment, but to shrink the
search space so that alignment and curation can focus where
it matters. We show that AgroNT embeddings support exact
Top-K retrieval over tiled plant genomes and that a short,
targeted fine scan is sufficient to sharpen those hits to prac-
tical genomic coordinates. The pipeline is compact enough
to run on a single GPU, includes ablations over key design



choices (pooling, stride, strand handling, tokenization
phase), and is released as an executable notebook for repro-
ducibility.

Contributions

1. A minimal retrieval to localization pipeline for
cross-species gene finding using AgroNT embed-
dings, with strict label isolation (no retrieval leak-
age).

2. A leakage-free evaluation on an OOD species
(B. distachyon), reporting window- and
base-pair-level distances and a simple
range-vs-accuracy trade-off.

3. Practical ablations and diagnostics (pooling,
stride, RC, phase sweep; cosine—distance linkage)
plus optional alignment and interpretability
checks.

Related Works

Genotyping and Enabling Works

Early work on scalable genotyping (e.g., rAmpSeq) demon-
strated robust, low-cost marker discovery by targeting repet-
itive sequences, helping unlock genotype—phenotype studies
across diverse germplasm. While not an embedding model,
this line of work underpins today’s cross-species analyses
by making high-throughput variant data routine.

Affordable phenomics and genetic gain.

Recent perspectives in the Plant Phenome Journal argue that
broadening access to phenomics is essential for accelerating
genetic gain, emphasizing practical pipelines that integrate
field measurements, environmental covariates, and genomic
information. This positions phenotype prediction as a
multi-modal problem and motivates approaches that connect
sequence to phenotype-proximal signals (e.g., expression,
regulatory strength) rather than attempting end-to-end field
trait prediction outright.

LLMs for trait prioritization (Gore Lab).

Farmer et al. (co-authored by M. A. Gore) showed that large
language models can mine crop trait-prioritization studies to
extract structured information about user-preferred traits
and contexts, offering a scalable route to curate targets for
breeding programs. We adopt a complementary stance: use
text-mined trait—pathway—gene sets as seeds, then per-
form sequence-embedding retrieval across species to pro-
pose candidate analogs.

Plant DNA foundation models: AgroNT.
AgroNT introduced a plant-focused DNA language model
trained on dozens of edible plant genomes, achieving strong

results on regulatory annotation, promoter/terminator
strength, tissue-specific expression, and variant prioritiza-
tion. Its pretrained representations provide an immediate
backbone for cross-species retrieval and for probing pheno-
type-proximal tasks without extensive supervised labels.

Cross-species modeling: PlantCaduceus.

PlantCaduceus is a plant DNA LM trained across 16 angio-
sperm genomes with architectural inductive biases (e.g., re-
verse-complement handling) that emphasize evolutionary
conservation and cross-species transfer at near single-nucle-
otide resolution. It is a natural comparator to AgroNT in our
experiments and strengthens the case that sequence LMs can
generalize across clades.

Positioning of our work.

Relative to the above, we (i) pair trait-to-gene sets from the
literature (as in Farmer etal.) with embedding-based
cross-species retrieval using AgroNT/PlantCaduceus, and
(i1) validate on phenotype-proximal regulatory benchmarks
rather than field traits alone—aligning with phenomics-first
arguments—while providing interpretable evidence via
sparse-feature (SAE) analyses. This combination targets a
practical gap between manual BLAST-centric curation and
black-box phenotype prediction, aiming to reduce annota-
tion friction and accelerate hypothesis generation.

Data
Query Set (A-Arabidopsis AUX/TAA)
We import four Arabidopsis genes representative of the
AUX/TAA pathway: ARFS/MONOPTEROS
(AT1G19850), ARF7 (AT5G20730), ARF19
(AT1G19220) and IAA14 (AT4G14550). Of these, we do
NOT use ARFS/MONOPTEROS (AT1G19850) as the
ortholog was not located on chromosome 1 of our Target

Genome. Each FASTA was preprocessed to uppercase
A/C/G/T/N and stored with a stable identifier.

Target Genome (C-Unlabeled Brachypodium distachyon)
Primary experiments used an out-of-distribution (OOD)
species (e.g., Brachypodium distachyon) from Ensembl.
Due to computing capacity, we have shown a demo with
just chromosome 1 in this paper.

Methodology

Overview of the Pipeline
We designed a two-stream workflow that separates re-
trieval from evaluation. In the retrieval stream, we embed



four Arabidopsis AUX/IAA genes once with AgroNT. We
tile the unlabeled target genome, embed each window, and
select Top-K candidate windows by exact cosine similar-
ity. We then refine these candidates to base-pair coordi-
nates with a short fine scan, with an optional phase sweep
reserved for ablations. In the evaluation stream, ground-
truth ortholog coordinates from Ensembl Plants are used
only to compute distances and overlap. They are never
used as retrieval inputs, which avoids leakage. Unless
stated otherwise, analyses were run on chromosome 1 to
keep iteration fast, and ortholog tables were filtered to the
same chromosome set.

Ortholog Labels (Evaluation Only)

For each seed gene, putative Brachypodium distachyon
ortholog intervals were obtained from Ensembl Plants
(compara=plants) and saved as CSV, BED, and FASTA
files. We normalized fields to a common schema: [gene _id,
chr, start, end, strand, display name, homology type,
perc_id, perc_cov, score, source_seed, chrom_n]. These la-
bel tables were not embedded or indexed; they were used
solely during evaluation.

Model and Tokenization (AgroNT)

We used AgroNT-1B (InstaDeepAl/agro-nucleotide-trans-
former-1b). Inputs were tokenized into non-overlapping 6-
mers with a positional cap of ~1,024 tokens including
[CLS]. Sequences exceeding the limit were trimmed by a
token-budget guard that checks post-tokenization length
and shortens the raw string just enough to fit. The encoder
outputs 1,500-dimensional hidden states per token. We
formed 1,500-dimensional pooled sequence vectors from
the last layer using two modes:

X2 (default), a masked mean over non-padded tokens that
excluded [CLS]

X1 (ablation), the [CLS] hidden state.

Inferences ran without gradients, in mixed precision where
available. inputs were validated for length and vocabulary,
with a CPU {p32 fallback on CUDA assertions.

Genome Tiling and Coarse Embedding

The target genome was segmented into fixed 6,144 bp win-
dows, which correspond to about 1,024 6-mer tokens, with
a stride of 6,144 bp so that windows do not overlap. For
the coarse pass we used only the forward strand to keep
runtime manageable.

Windows from the Arabidopsis queries and from the target
genome were sanitized to A/C/G/T/N and trimmed when
needed to respect the token budget. Each window was em-
bedded in batches, and we stored the pooled vector v €
R15%0together with metadata (chromosome, start_bp,

end_bp, strand). We did not deduplicate windows in this
minimal pipeline.

Retrieval: ABTT

Before L2 normalization, we applied the All-But-The-
Top (ABTT) transform to pooled embeddings to remove
dominant corpus-wide directions that inflate cosine scores,
such as GC-content or length effects. We first centered
each vector by subtracting the mean over all pooled em-
beddings. We then projected out the top rprincipal compo-
nents, which were learned in an unsupervised way from the
pooled target embeddings C(or from A U Cin an ablation).

Let v be a pooled embedding and v = %Z%zl v,, the

mean over M vectors. We define the centered vector ¥ =
v — . With {u;};_, the top r principal components, the
ABTT-filtered vector is

.
vABTT = § — Z(u;ﬁ) u;
i=1

We then L2-normalized v*BTTand used these normalized

vectors to compute exact cosine Top-K, as described in the
retrieval section. ABTT was applied on-the-fly for scoring
and did not overwrite the stored embedding cache. This
keeps the retrieval layer reversible and easy to reproduce.
In our main runs we set r = 1 and report an ablation with
r=3.

Retrieval: L2-normalized cosine Top-K

We applied row-wise L2 normalization to the query and
target embedding matrices and then computed exact cosine
similarities by blockwise matrix multiplication (A @ CT).
For each query window i, we selected the Top-K = 50 tar-
get windows j with the highest cosine scores using incre-
mental arg-partition. We did not use approximate indexing
(for example FAISS), so retrieval remains fully reproduci-
ble at the current scale. For every query we stored a tidy ta-
ble with query id, query span, target id (chromosome),
target span (start—end:strand), cosine score, and rank.

Fine Localization within the Top-K tiles

To turn tile-level hits into base-pair predictions, we refined

each query’s Top-K tiles in two steps.

1. Fine sliding scan.

Within each candidate tile we slid a 2,048 bp sub-
window with a 256 bp stride. We embedded all
sub-windows in large batches, with automatic
fallback to smaller batches if the GPU reported
out-of-memory. For each tile we kept the sub-
window with the maximum cosine against the
query embedding.



2. Post-hoc strand check.
For the selected sub-window we computed the re-
verse-complement embedding and compared it to
the forward version. We kept whichever orienta-
tion had the higher cosine and reported that
strand.
A six-phase (0-5) tokenization sweep for 6-mer offsets is
available in the notebook but treated as an ablation rather
than part of the minimal run. In this study we refined Top-
K =50 tiles per query, which improves recall in the fine
scan on out-of-distribution genomes.

Ortholog Labels and Evaluation Metrics

Predicted spans were mapped to target genomic coordi-
nates (gw_start, gw_end). For each predicted span and
matching chromosome, we computed:

e Interval gap (bp): 0 if the predicted span overlaps
an ortholog interval; otherwise, the positive flank
distance to the nearest boundary.

e TSS distance (bp): signed distance from the pre-
dicted midpoint to the ortholog’s transcription
start site (TSS = start for strand = +1, TSS = end
for strand = —1). Positive tss_dist means the pre-
diction midpoint lies downstream of TSS along
the genomic axis. For range-sweep plots we use
absolute TSS distance.

Distances were computed per (source_seed, gene id) pair
and restricted to chromosomes present in the embedding
run (e.g., chr 1), preventing mismatch with labels on un-
processed chromosomes. We report distributions of inter-
val gaps and TSS distances, along with accuracy-versus-
tolerance curves at two levels: (i) individual refined sub-
windows and (ii) per-query summaries, using the minimum
absolute TSS distance across that query’s rows. Ortholog
labels participate only in these computations.

Hyperparameters and Computing

e  Coarse windows / stride: 6,144 bp / 6,144 bp.

e Tokenizer: non-overlapping 6-mers with ~1,024
positions including [CLS].

e Pooling: masked-mean (X2, default); CLS (X1) as
an ablation.

o Top-K tiles refined per query: 50.

e Fine scan: 2,048 bp sub-window, 256 bp stride,
post-hoc reverse complement check, optional 6-
phase sweep (0-5).

e Batching: 128-512 for coarse embeddings and up
to 1,024 for fine scan, with automatic fallback on
out-of-memory.

e Hardware and precision: single NVIDIA A100
preferred (fp16/bf16 with TF32 matmuls); CPU
fallback in fp32.

e  Software: PyTorch and HuggingFace Transform-
ers, with exact cosine Top-K via block matrix
multiplication and arg-partition.

e Platform: Google Colab

e Determinism: fixed AgroNT checkpoint commit
and random seeds recorded in a manifest.

Statistical Analysis and Reporting

We report medians and interquartile ranges for distance
metrics. Where relevant, we compute bootstrap 95% confi-
dence intervals (1,000 resamples) for medians and overlap
rates. For retrieval-accuracy linkage we compute Spear-
man’s p between cosine and negative distance.

Reproducibility

We provide the notebook that builds the embedding cache
and Top-K table from raw FASTA files, the fine-scan and
optional phase-sweep code that outputs base-pair peaks,
and the evaluation scripts that load ortholog CSVs and pro-
duce distance tables and plots. We also ship manifest files
(window metadata, AgroNT checkpoint ID, software ver-
sions) and the random seeds used, so the pipeline can be
re-run end-to-end.

Results
Coarse Retrieval with AgroNT Embeddings
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Figure 1. Cosine similarity distribution of retrieval scores
on the Brachypodium genome

Embedding the Arabidopsis query sequences and all
6,144 bp windows of Brachypodium yields a narrow band of
extremely high cosine similarities across the background of
random windows (mean similarity ~0.99). This indicates
that without normalization the embedding space is biased,
assigning nearly all unrelated sequences a high baseline sim-
ilarity. After applying the ABTT debiasing procedure, the
absolute cosine values shift downward as expected, but the
top hits become more distinguishable from the background
distribution by their z-scores. In other words, ABTT spreads



out the similarity distribution (lowering the mean cosine),
which makes truly similar sequences stand out more clearly
from the corpus-wide noise.

Retrieval curves (cosine vs rank)
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Figure 2. Top-K retrieval curves (cosine similarity vs.
rank) for each query seed.

The top-ranked windows for each query have only slightly
higher cosine scores than the lower-ranked hits, decaying
modestly out to rank 50. This means that, according to the
AgroNT embedding, several genome windows per query
carry a similar “sequence style” to the Arabidopsis seed. The
coarse retrieval was fast, stable, and easily reproducible,
consistently returning a small set of high-scoring candidates
for each query.

Fine-Scale Localization in Candidate Tiles
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Figure 3. Fine-scale scan within a top-ranked coarse win-
dow, illustrating a clear local similarity peak after refine-
ment.

When we refined each of the Top-50 coarse windows per
query with a sliding 2,048 bp window fine-scan, a distinct
local maximum emerged inside each candidate region. The
cosine similarities at this fine scale remained high (typically
around 0.8-0.9) but were lower than the coarse scores — a
trend expected with shorter sequence context. Importantly,
implementing a post-hoc reverse-complement check often
flipped the strand of the best-matching sub window, con-
firming that strand orientation cannot be reliably inferred
from the coarse retrieval step alone. In summary, the two-
stage retrieval + refinement process worked as intended: it
produced a sharp local hit within each broad window, albeit
without yet knowing how close these hits are to actual gene
loci.

Orthologous Interval Evaluation

Distribution of interval distance (pred window vs gene span)
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Figure 4. Distribution of distances from predicted windows
to true orthologous gene locations.

To evaluate genomic accuracy, we compared each pre-
dicted window to the known positions of orthologous
AUX/IAA genes on Brachypodium chromosome 1. In this
out-of-distribution scenario, the retrieved windows often did
not coincide with the gene’s actual locus. The distances
from each prediction to the true gene interval (and to the
transcription start site) were typically on the order of mil-
lions of base pairs. In fact, the closest case was a predicted
window for IAA14, which landed ~32 kb from the true
gene’s TSS, whereas other cases (e.g. ARF7 or ARF19)
were on the order of ~1.9 Mb away from the correct site.
These large gaps show that while AgroNT retrieval success-
fully finds sequence regions that are biologically relevant to
the query, those regions can be far from the precise gene of
interest on the chromosome.



IAA14 - BRADI_1914240v3 (chrl) best |TSS|=4328629 bp, interval=4324794 bp

Actual (label gene span)
—— Best predicted window

0 1 2 3 3 5 6 7
position (bp) on chromosome) le7

ARF7 - BRADI_1g46602v3 (chrl) best [TSS|=1636029 bp, interval=1635005 bp

Actual (label gene span)
~~ Best predicted window

) 1 2 3 4 5 6 7
position (bp) on chromosome) le7

ARF19 - BRADI_1g46602v3 (chrl) best [TSS|=1768125 bp, interval=1767101 bp

Actual (label gene span)
~~ Best predicted window

0 1 2 3 4 5 6 7
position (bp) on chromosome) 1e7

1AA14 - BRADI_1g09090v3 (chrl) best |TSS|=565679 bp, interval=564655 bp

Actual (label gene span)
~~ Best predicted window

0 1 2 3 4 5 6 7
position (bp) on chromosome) le7

eeeeeeeee d gene_id chr best_abs_tss_bp best_interval bp best_cosine best_gu_start best_gw_end n_pred_windows

ARF19 BRADI_1g46602v3 1768125.0 1767101.0 0.993988 470553600 47057408.0 50
ARFS BRADI_5g25157v3 NaN NaN NaN NaN NaN o
ARF7 BRADI_1g46602v3 1636029.0 1635005.0 0.994461 469232640 469253120 50
1AA14 BRADI_1909090v3 565679.0 564655.0 0.995333 58908160  5892864.0 50

IAA14 BRADI_1g14240v3 4328629.0 43247940 0.996015 154629120 15464960.0 50

@ s 6 om0
-5

IAAT4  BRADI_4g02600v3 NaN NaN NaN NaN NaN 0

Figure 5. Track-level visualizations further underscore the
nature of these errors

In a genome browser-style plot for a representative exam-
ple, the highest-scoring predicted window for the query is
clearly distant from the actual gene’s annotated span on the
same chromosome. The model confidently identifies a spe-
cific sequence region (highlighted by the orange retrieval
window) that it deems like the query, but this region lies
megabases away from the true gene (marked by the blue
gene interval). For fairness, any orthologs located on chro-
mosomes that were not processed were excluded from the
evaluation to avoid spurious zero-distance scores. Thus, in
this demonstration we evaluated three Arabidopsis query
genes (ARF7, ARF19, and IAA14) which do have annotated
orthologs on chromosome 1 of Brachypodium. The consist-
ently large gap between the predicted spans and actual genes
shows that additional information or steps are required to
pinpoint orthologs at gene-level resolution, although in each
case the we do see the predicted section consistently be
within a similar larger segment of the gene.

Discussion and Conclusion

We developed and tested a minimal, alignment-free pipe-
line to retrieve candidate orthologous loci using only se-
quence embeddings and evaluated it on an out-of-distribu-
tion plant genome. The system performed as engineered:
coarse retrieval was fast and returned stable sets of candi-
dates, fine scanning within those candidates found clear lo-
cal peaks, and the evaluation framework quantified dis-
tances to known genes without information leakage. How-
ever, at the scale of entire genes, the predictions were often
far from the true Brachypodium loci, indicating that the
method in its current form retrieves the correct chromosome
or region but not the exact gene position. This outcome is
not surprising given the simplifying choices made in this
first-pass study.

First, we used full-length gene sequences as query seeds
rather than promoter-proximal segments. An embedding of
an entire gene likely captures broad sequence composition
and context (which helped the coarse retrieval) at the ex-
pense of promoter or TSS-specific signals needed for pre-
cise localization. Second, we kept strand and tokenization
phase handling to a minimum. In the default pipeline, re-
verse-complements were only checked post-hoc for the top
subwindow, and we did not enable the 6-mer tokenization
phase sweep by default. This means the model could miss
alignments that require reverse-complement context or a
shifted tokenization frame, potentially reducing sensitivity
to the exact orientation and phase of the gene in the genome.
Third, we relied on exact cosine similarity of raw mean-
pooled embedding vectors (with ABTT normalization) and
did not incorporate any additional biological priors. While
ABTT improved the uniformity of similarity scores, it does
not introduce knowledge of sequence features like motifs,
gene neighborhood context, or expression data that might be
informative for identifying true gene loci.

These design choices explain the shape of the results we
observed: extremely high and narrow similarity peaks for
each query, yet large discrepancies in genomic distance be-
tween those peaks and the annotated orthologs. The track
visualizations corroborate this, showing that our top-scoring
predictions are confident and stand out from the back-
ground, but they can fall well outside the actual gene’s in-
terval. It is important to note that our evaluation was re-
stricted to cases where the ortholog’s chromosome was in-
cluded in the retrieval (we omitted seeds whose ortholog lies
on unprocessed chromosomes), so these findings are not an
artifact of comparing predictions to entirely wrong chromo-
somes. In summary, AgroNT embeddings clearly carry
cross-species sequence signals (enabling reliable coarse re-
trieval), but additional biological specificity is required to
convert those signals into accurate gene-level mapping in an
OOD genome.



Looking forward, several incremental improvements
could substantially enhance fine-scale localization. One im-
mediate step is to replace the full-gene query sequences with
promoter-focused windows — for example, using the ~2 kb
upstream and first few hundred base pairs of each gene — so
that the embedding is tuned to the region around the TSS.
This should align the retrieval target with the evaluation
metric, which is based on TSS proximity. Another improve-
ment is to handle reverse-complement orientation and to-
kenization phase at an earlier stage. For instance, we could
scan both strands during the fine search by default, or even
augment the coarse retrieval by including reverse-comple-
mented and phase-shifted versions of each query in the can-
didate pool. We also recommend reapplying the ABTT nor-
malization routinely (to ensure stable scoring across differ-
ent sequences) and introducing a lightweight motif-based
prior to the fine-scan stage. For example, one could weight
windows that contain known AuxRE-like motif patterns
higher during fine scanning, biasing the search toward bio-
logically plausible promoter features.

If runtime permits, the retrieval depth can be modestly in-
creased (e.g. Top-100 instead of 50) to improve coverage
of potential hits. This expansion can be offset by using a
slightly coarser stride in the fine scan to keep the overall
runtime manageable. Finally, beyond these heuristic
tweaks, a simple learned re-ranker could be added to the
pipeline. Such a model would take the fine-scan cosine
score and perhaps additional sequence context features as
input and output a calibrated probability that a given pre-
dicted window falls within a gene-proximal radius. This re-
ranker could be trained on chromosomes (or species)
where ortholog labels are available, and then applied to pri-
oritize predictions in new genomes. By learning from a
modest amount of labeled data, the re-ranker would help
distinguish true orthologous hits from spurious high-simi-
larity sequences that are unrelated to the gene’s actual loca-
tion.

Crucially, all these enhancements retain the same two-
stage retrieval-and-localization architecture, which remains
both intact and scalable. The coarse step could even be ac-
celerated with approximate nearest-neighbor methods if
needed, and the fine step is already lightweight. Our results
demonstrate that AgroNT’s sequence embeddings are in-
deed suitable for cross-species retrieval of genomic re-
gions, even without any explicit alignment. With the pro-
posed adjustments to inject more biological specificity, this
approach can bridge the gap between retrieving a “gene-
like” region somewhere on the correct chromosome and
pinpointing the gene’s exact coordinates. We have shown
the strength of the embedding-based retrieval and identi-
fied what is additionally required to achieve gene-scale lo-
calization on out-of-distribution genomes.
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