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RESEARCH PAPER

Inc3ViTs Model: A Hybrid Architecture to Accelerate
and Reduce Complexity for the DeepVariant Model
for Variant Calling

Mustafa Al-Saffar*, Sura Z. Al Rashid

Software Dept., Information Technology College, University of Babylon, Hilla, Iraq

Abstract

Deep learning has revolutionized genomic variant calling, yet the computational cost of current systems continues to
limit scalability. We present a controlled efficiency study of DeepVariant-style pileup architectures under identical
training and inference conditions, comparing architectural downsizing with a hybrid CNN—local attention design.
Inc3ViTs pairs a streamlined InceptionV3 stem with a lightweight local attention head based on patch tokenization and
windowed self-attention, enabling a direct comparison with a CNN-only reduced Inception baseline. Across whole-
genome and whole-exome short-read datasets, Inc3ViTs reduces training time by ~40—50% and reduces inference
runtime relative to the original DeepVariant. The CNN-only baseline indicates that most speedups stem from archi-
tectural simplification, whereas the hybrid design achieves competitive accuracy with statistically comparable SNP
performance and marginal INDEL trade-offs at high coverage, alongside improved robustness at lower sequencing
depth. Our evaluation is restricted to GIAB short-read small-variant benchmarking (SNPs and INDELs); structural
variants and long-read settings were not evaluated. Experiments were conducted on a single workstation equipped with
an RTX 3070 Ti under controlled hardware conditions.

Keywords: Variant calling, Deep learning, Vision transformers, Local attention, Genomic analysis, Short-read
sequencing, DeepVariant

1. Introduction

W ith the advent of next-generation
sequencing, genome sequencing has

become increasingly essential [1,2]. As technical
limitations have been overcome [3,4], bioinformat-
ics methods have matured and now support
clinically actionable genomic interpretation and
therapeutic decision-making [3,5]. Genome
sequencing and variant detection underpin many
applications, including identifying disease-causing
variants and informing therapies that target dis-
ease-related genes [5]. Google's DeepVariant is a
pioneering deep learning approach that encodes
aligned reads as a multi-channel pileup image and

performs variant calling as a multiclass classifica-
tion task [6].
DeepVariant has been evaluated in multiple

benchmarking studies and has been reported to
achieve high accuracy [6—8]. It performs strongly on
short-read SNP and small INDEL calling in GIAB-
based evaluations [6,8]. However, DeepVariant re-
lies on an InceptionV3 CNN backbone in the
call_variants stage, which contributes to substantial
computational cost [9,10]. Training can be time-
consuming and resource-intensive, which can
complicate deployment and transfer learning in
compute-constrained environments [9].
Most practical improvements to DeepVariant

have focused on expanding training datasets and
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refining preprocessing/representation (e.g., the
make_examples stage), while the core InceptionV3
backbone has remained unchanged in many re-
leases [10]. More broadly, inference acceleration is
often pursued via optimized runtimes (e.g., Ten-
sorRT-based inference engines) to improve
throughput while aiming to preserve predictive
accuracy [11]. Despite this, controlled studies of
backbone downsizing and CNN—attention hybrid
design in a DeepVariant-style setting remain
limited.
We propose a hybrid CNN—local attention ar-

chitecture that combines convolutional feature
extraction with lightweight local context modeling
to reduce parameters and FLOPs while maintaining
competitive variant-calling accuracy [12]. The pri-
mary use case is population-scale genomics and
compute-constrained screening workflows, rather
than a drop-in replacement for diagnostic-grade
pipelines where maximal INDEL precision is
required. The design leverages patch-based toke-
nization and windowed self-attention, which
restrict attention to local windows and reduce the
quadratic cost of global attention, as established in
vision backbones such as Swin Transformer [13]. A
related hybrid Transformer—CNN paradigm has
also been explored in other genomics tasks (e.g.,
scDNA-seq denoising) [12]. In our experiments,
training time was reduced by ~40—50% while
maintaining competitive SNPs/INDELs perfor-
mance on GIAB short-read benchmarks. In this
study, complex regions are defined according to
GIAB difficult region categories, including homo-
polymers, segmental duplications, and low-mapp-
ability/low-complexity regions [14,15]. Our
benchmarking results are reported as aggregate
performance on the full held-out chr20 test set, and
we use the GIAB terminology to define the scope of
“complex regions” consistently and reproducibly.
This work does not aim to introduce a novel

attention mechanism, but rather to empirically
characterize the efficiency—accuracy trade-off space
of DeepVariant-style models under practical hard-
ware constraints.
In controlled benchmarking under limited

computational resources, chromosome-level par-
titioning is commonly used to reduce direct
overlap between splits. However, chromosome-
level partitioning may not fully remove positional
or chromosome-specific biases, particularly for
pileup-based representations.
We address this limitation explicitly and, where

feasible, complement chr20 testing with an evalua-
tion on an additional held-out chromosome.

1.1. Contributions

Our main contributions are as follows:

• A controlled architectural efficiency study
comparing three DeepVariant-style pileup
backbones under identical training and infer-
ence conditions: Full InceptionV3 (baseline),
InceptionV3 Reduced (CNN-only), and Inc3ViTs
(hybrid CNN—local attention).
• An empirical finding that CNN-only downsizing
can achieve comparable runtime and competi-
tive SNPs/INDELs performance relative to
hybrid designs for short-read GIAB SNPs/
INDELs calling, indicating that efficiency gains
are largely driven by architectural simplification.
• A practical evaluation of lightweight CNN
backbones (EfficientNet-B2), documenting GPU
memory limitations on high-resolution multi-
channel pileup representations; therefore, Effi-
cientNet-B2 was not included in the final
quantitative comparison.

2. Related work

Genomic variant calling has transformed signifi-
cantly over the last decade, shifting from classical
statistical pipelines to advanced machine
learning—based approaches [9]. Early tools such as
GATK HaplotypeCaller [16], FreeBayes [17], and
Strelka2 [18] used probabilistic models, Bayesian
inference, and hand-designed heuristics to inter-
pret the evidence produced by sequencing.
Although these approaches were state-of-the-art
for short-read Illumina data, their accuracy can
degrade in challenging contexts such as repetitive
and low-mappability regions and loci with ambig-
uous mapping [8,15]. As largely hand-engineered
statistical pipelines, their performance depends on
explicit model assumptions and filtering heuristics;
reviews comparing statistical and AI-based callers
discuss how learned models can better absorb
dataset-specific error patterns [9].
A key turning point was the introduction of deep

learning approaches, notably DeepVariant, which
reframed variant calling as an image classification
problem [6]. By transforming read pileups into
multi-channel images and using an InceptionV3
CNN [6], DeepVariant replaced human-devised
features with learned representations that can learn
statistical relationships from images of read pileups
around candidate variants, capturing systematic
patterns in the aligned-read evidence [6,9]. Across a
variety of benchmarks, including GIAB-based

272 M. Al-Saffar, S.Z. Al Rashid / Karbala International Journal of Modern Science 12 (2026) 271—287



evaluations, DeepVariant demonstrated strong SNP
calling performance [6,8]. However, the computa-
tional demands of using an InceptionV3 backbone
in DeepVariant-style models can be substantial
[6,19], and this practical cost is discussed in reviews
of AI-based variant calling [9]. Moreover, its limited
receptive field may reduce the ability to capture
long-range contextual dependencies across reads,
particularly in low-mappability or structurally
complex regions [20], particularly in low-mapp-
ability or structurally complex regions [14].
Hybrid pipelines such as Clair3 were developed

to better balance recall and robustness in chal-
lenging scenarios [21]. Clair3 integrates several
resolutions of evidence by stacking a pileup net-
work and a full-alignment network, followed by an
end-to-end refinement module that enables the
model to integrate evidence at multiple resolutions
[21]. This multi-level design extensions such as
Clair3-MP report improved SNP and INDEL F1 in
several difficult genomic regions when integrating
multi-platform sequencing evidence [22]. However,
this type of hybrid architecture can be complex to
deploy because it integrates multiple pipelines and
increases overall training cost. This multi-stage
design may also propagate errors across stages and
make accuracy sensitive to upstream filtering or
alignment issues [9]. Beyond germline variant call-
ing, the Clair framework has been extended to more
specialized contexts. ClairS-TO adapts the Clair
framework for tumor-only somatic variant calling
(without a matched normal), addressing low-allele-
fraction and noise-discrimination challenges [23].
Similarly, Clair3-RNA extends variant calling to
RNA-seq data, incorporating transcriptome specific
alignment characteristics [24]. These developments
highlight the adaptability of deep learning—based
architectures to increasingly complex genomic
modalities.
Outside classical and hybrid approaches, single-

model callers such as Octopus use haplotype-aware
probabilistic modeling that integrates local haplo-
type reconstruction and phasing to improve variant
interpretation [25]. Because haplotype-aware prob-
abilistic modeling involves local haplotype recon-
struction, runtime can depend on local haplotype
complexity [25], and computational trade-offs
across callers are discussed in comparative studies
and reviews [8,9]. Likewise, Strelka2 emphasizes
efficient statistical modeling and filtering for fast
germline and somatic calling [18]; reviews and
benchmarks discuss context-dependent accuracy
—efficiency trade-offs across statistical and deep
learning callers [8,9].

However, despite these improvements, important
trade-offs remain. CNN-based methods, such as
DeepVariant, rely on local convolution operations
that may not explicitly capture long-range de-
pendencies between widely separated reads [20].
Multi-stage pipelines, such as Clair3, can improve
robustness in challenging scenarios but they typi-
cally introduce additional computational and sys-
tem complexity [9,21]. Conventional statistical
callers (e.g., FreeBayes, GATK, Strelka2) may be
challenged in difficult genomic contexts due to
reliance on hand-designed assumptions and heu-
ristics [8]. Collectively, these observations motivate
models that are computationally efficient yet able to
learn contextual patterns from short-read pileups
under practical computational constraints [8,9,26].
Overall, prior work highlights a recurring trade-

off between computational efficiency and robust-
ness in difficult genomic contexts. While attention-
based and hybrid designs provide a plausible
mechanism to model richer contextual patterns, the
extent to which they offer efficiency benefits
beyond architectural simplification remains
underexplored in DeepVariant-style pileup set-
tings. This motivates a controlled study comparing
backbone downsizing and a CNN—local-attention
design under identical training and inference con-
ditions, treating the hybrid architecture as one
design point rather than as a universally superior
replacement.

3. Materials and methods

3.1. Reference data and study design

This study is based on Genome in a Bottle (GIAB)
benchmark dataset, which are widely used for
assessing the accuracy of small-variant calling
[15,27]. To achieve a fair comparison, four reference
samples were selected: HG001 (NA12878), HG002,
HG003, and HG004, as their variant call sets have
undergone in-depth refinement and are frequently
used in performance measurement [15,27].
For whole-genome sequencing, we used the

publicly released HG001 (NA12878) BGISEQ-500
dataset with paired-end 100 bp reads and approxi-
mately 37× coverage [28]. The exome sequence of
the Ashkenazi family (HG002, HG003, HG004) were
sequenced on the Illumina NovaSeq 6000 platform
using IDT xGen Exome Research Panels, producing
paired-end 150 bp reads and aligned to the GRCh38
reference with a target depth of about 100× [29].
To reduce leakage across splits, we adopted a

chromosome-based partitioning strategy across
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training, validation, and test chromosomes. To
assess model stability under varying coverage
conditions and capture methods, we conducted
additional experiments on downsampled HG001
WGS at 21×, 10×, and 6×coverage, as well as on the
high-depth exome data for the Ashkenazi trio.

3.2. Chromosome-based data splitting

We followed the official Google DeepVariant
training tutorial using chr1 for training, chr21 for
validation, and chr20 as a held-out test chromo-
some. Chromosome 20 (chr20) was selected as the
primary held-out test chromosome to balance
computational feasibility with evaluation scope,
enabling direct comparison with the DeepVariant
baseline under identical settings.
We note that, in large-scale production scenarios,

training would typically involve multiple chromo-
somes (e.g., chr1—chr19). The present setup is used
to ensure feasibility and reproducibility under
constrained computational resources.
In addition to testing on chr20, we report results

on an additional held-out chromosome (chr19) that
was not used for training or validation, to probe
potential chromosome-specific effects in a
controlled manner.

3.3. Hardware and execution environment

All experiments were conducted on a single
workstation equipped with an NVIDIA GeForce
RTX 3070 Ti GPU (8 GB VRAM), an Intel 12th Gen
Core i9-12900F CPU (24 cores/48 threads), and
16 GB of system RAM. The software environment
consisted of DeepVariant v1.9.0 running inside a
Docker container built with CUDA 11.8 and cuDNN
8.9.6.50. Training and inference were performed
using TensorFlow 2.13.1 (CUDA-enabled build).
Runtime was measured using end-to-end wall-

clock time for the full inference workflow under
identical hardware, preprocessing, dataset splits,
and batch size settings across all models.

3.4. Baseline configuration and reproducibility

To ensure fair and reproducible benchmarking,
all baseline tools were executed using fixed Docker
images with explicit version tags. The objective of
this study is to compare architectural efficiency
under standardized deployment conditions rather
than per-tool hyperparameter optimization. No
parameter tuning beyond officially recommended
pipelines was performed. The pinned containers
and modes are reported in the Supplementary File

(https://kijoms.uokerbala.edu.iq/cgi/editor.cgi?
article=3460&window=additional_files&context=
home) (Sheet: Baselines Tools).

3.5. Input representation and preprocessing

Inc3ViTs follows the DeepVariant paradigm by
transforming local sequencing evidence into fixed-
size multi-channel pileup images summarizing
reads around candidate variant sites [6]. Each
image encodes base identities, base qualities,
mapping qualities, and strand orientation within a
predefined genomic window, yielding a tensor X∈

ℝH×W×C that serves as the model input [6], as
illustrated in Fig. 1(a).
We used the GIAB-provided aligned BAM files

for each sample and reference build and did not re-
run alignment. To maintain compatibility with
established workflows, candidate variant positions
were generated using the candidate generation
procedure typical of DeepVariant [6]. Subsequently,
we normalized the pileup tensors channel-wise and
shuffled samples randomly within each split. It is
worth noting that no complex augmentation or
label smoothing was necessary; the pileup repre-
sentation inherently captures the stochastic vari-
ability arising from alignment and sequencing
noise.
For clarity, the mapping from a raw genomic

window R (reference and aligned reads) to the
pileup tensor X can be viewed as a deterministic
encoding function

X=Φ(R );

where Φ( ·) combines base encoding, quality
scaling, and strand/channel assignment [6].

3.6. Inc3ViTs hybrid architecture

The proposed Inc3ViTs model is a hybrid CNN-
Transformer architecture designed to reduce the
computational footprint of DeepVariant's Incep-
tionV3 backbone while enhancing its ability to
capture local and regional contextual patterns
across reads, as depicted in Fig. 1(a). The network
operates on the pileup tensor X, which is first pro-
cessed by the InceptionV3 stem composed of
convolution, batch normalization, ReLU activation,
and spatial pooling, producing a low-level feature
map

F0=Stem(X)

Subsequently, an Inception Block (Inception
Block 1) aggregates multi-scale features in parallel.
1× 1, 3× 3, 5× 5, and pooling branches, yielding
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Fmixed0= InceptionBlock1(F0)

This tensor constitutes the branching point of
the architecture and is forwarded to two processing
paths: a convolutional path and a Local-ViT path, as
highlighted in Fig. 1(a).
In the CNN path, the model preserves the

inductive bias of convolutional processing by
directly reusing.
Fmixed0=FCNN

In the Local-ViT path, a Conv2D-based patch
tokenizer (Fig. 1(c)) partitions Fmixed0 into non-
overlapping patches with kernel size and stride
equal to the patch size p, producing a token grid

T=Conv2D
(
Fmixed0 ;kernal=p ; stride=p

)
;T∈ℝ

H
p×

W
p ×D

:

The token map is then divided into fixed win-
dows of size. w× w. For each window Wi, a
windowed multi-head self-attention (MSA) block

Fig. 1. Inc3ViTs overview: (a) hybrid CNN—ViT architecture, (b) local windowed self-attention, (c) convolutional patch tokenizer.
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with Layer Normalization is applied, as shown in
Fig. 1(b):
Ai=MSA(LN(Wi));

and the attended windows are reconstructed into a
spatial attention feature map.

A=Reconstruct
(
{Ai}

K
i=1

)
;

where K denotes the number of windows.
A single Dense projection layer refines the

attended representation, producing the trans-
former-enhanced feature map. FViT. This feature
map is then spatially resized to match the resolu-
tion of the convolutional feature map. FCNN:

Fup
ViT=Resize

(
FViT;Shape (FCNN)

)
;

ensuring that both paths can be fused along the
channel dimension.
The outputs of the CNN path and the Local-ViT

path are fused by channel-wise concatenation to
form the unified representation.

Fmerged=Concat
(
FCNN;F

up
ViT

)
;

followed by global average pooling to obtain a
compact latent vector

z=GAP
(
Fmerged

)
:

Variant calling is formulated as a three-class
classification problem over the genotype states.{

hom-ref;het;hom-alt
}
.

A fully connected layer with Softmax activation
maps the latent representation to genotype
probabilities:

ŷ=Softmax(Wz+b);

whereW and b denote the classifier parameters and
ŷ∈ℝ3 encodes the predicted genotype distribution
for each candidate site.
From a computational perspective, the Local-ViT

block restricts the self-attention cost to local win-
dows, leading to a complexity of

O
(
K ·w4

)
;

which is substantially lower than the global atten-
tion cost O

(
N2
)
with respect to the total number of

tokens N. Empirically, this hybridization reduces
the FLOPs from approximately. 2:01× 109 to 0:886×
109 while preserving variant classification
performance.

3.7. InceptionV3 reduced (CNN-only baseline)

To isolate the effect of architectural downsizing
independently of attention, we introduce an

InceptionV3 Reduced baseline that follows the
same DeepVariant-style input and training protocol
but removes all tokenization and self-attention
components. This baseline was included at the re-
viewers’ request to isolate the effect of architectural
downsizing.
Specifically, the model preserves the original

InceptionV3 stem up to the first mixed block
(mixed0), which constitutes the same branching
point used in the proposed Inc3ViTs design. Let the
stem output be:
Fmixed0= InceptionStem≤mixed0(X)

To reduce computational cost, we apply a 1 × 1
convolution for channel reduction:
Fred=Conv1×1(Fmixed0)

followed by a lightweight 3 × 3 convolutional block
(one or more layers depending on the
configuration):
Fout=Conv3×3(Fred)

Finally, the feature map is pooled using global
average pooling and passed to the same genotype
classification head (Softmax over{

hom-ref;het;hom-alt
}

used in the other
architectures.
Importantly, this CNN-only baseline reuses the

same input representation, candidate generation,
data splits, and evaluation protocol as Inc3ViTs and
the full InceptionV3 baseline, enabling a controlled
comparison between (i) depth/channel simplifica-
tion and (ii) hybrid local-attention augmentation.

3.8. Architectural hyperparameters and computational
profiling

The final Inc3ViTs hyperparameters (patch size,
window size, embedding dimension, attention
heads, dropout, and fusion) along with a computed
complexity summary are provided in the Supple-
mentary Excel file (https://kijoms.uokerbala.edu.iq/
cgi/editor.cgi?article=3460&window=additional_
files&context=home) (Sheet: Inc3ViTs_HParams).
FLOPs were computed using the TensorFlow 2.13
Profiler API (tf.profiler.experimental) on a single
FP32 forward pass (batch size = 1) with the fixed
input shape (100 × 221 × 6), with TensorRT and
mixed precision disabled.

3.9. Implementation details and reproducibility

Inc3ViTs was implemented in TensorFlow and
integrated into the DeepVariant training pipeline
(training binary:/opt/deepvariant/bin/train; base
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config: dv_config.py:base). The final training
schedule and runtime fairness settings (software
versions, hardware, precision settings, and key
hyperparameters) are provided in the Supplemen-
tary Excel file (https://kijoms.uokerbala.edu.iq/cgi/
editor.cgi?article=3460&window=additional_
files&context=home) (Sheets: Reproducibili-
ty_Environment and Reproducibility details). Peak
GPU VRAM and CPU RAM usage were monitored
using nvidia-smi and/proc/meminfo, respectively.

3.10. Evaluation protocol

Performance was evaluated on chr20 as the pri-
mary held-out test set and on chr19 for cross-
chromosome validation, following GIAB/GA4GH
small-variant benchmarking best practices [14,30].
For WES, variant calling and benchmarking were
restricted to the exome target intervals (BED) and
intersected against GIAB high-confidence regions.
Metrics included precision, recall, and F1 score re-
ported separately for SNPs and INDELs for aggre-
gate callsets (PASS-only), computed with hap.py
(Docker image/version listed in Sheet: Base-
line_Tools) [30]. Robustness experiments were
additionally conducted on downsampled HG001
WGS (21×/10×/6×) and the Ashkenazi WES trio,
under identical preprocessing and evaluation
settings.

4. Results

4.1. Training performance

To evaluate efficiency-oriented architectural
changes in DeepVariant-style models, we trained
the baseline DeepVariant (InceptionV3 backbone)
[6,19] and the proposed Inc3ViTs using the same
experimental setup. Key training outcomes (wall-
clock training time and final accuracy and F1 score)
are reported in the main text; the full training
metrics and curves are provided in the Supple-
mentary File (https://kijoms.uokerbala.edu.iq/cgi/
editor.cgi?article=3460&window=additional_
files&context=home) (Sheet: Train).
In our experiments, Inc3ViTs reduced the total

training time from 3.60 h to 1.96 h while maintain-
ing high classification accuracy (>0.98) and F1
scores close to those of the baseline model. This
reduction in wall-clock time is consistent with the
decrease in computational complexity: the standard
InceptionV3 backbone requires approximately
2.0 × 109 FLOPs per forward pass, whereas the
Inc3ViTs backbone requires approximately
8.9 × 108 FLOPs. Fig. 2 compares the training

trajectories of the two models, showing closely
aligned accuracy and F1 curves despite the sub-
stantial reduction in FLOPs and training time.

4.2. Impact of CNN downsizing versus hybrid attention

To disentangle the sources of the observed effi-
ciency gains, we compare three DeepVariant-style
backbones under identical training and inference
conditions: (i) the full InceptionV3 baseline, (ii)
InceptionV3 Reduced (CNN-only downsizing), and
(iii) Inc3ViTs (hybrid CNN—local attention). Table 1
summarizes model complexity (FLOPs), chr20 run-
time, and SNPs/INDELs F1-scores (PASS-only).
We observe that the reduced CNN-only baseline

achieves runtime and accuracy that are comparable
to the hybrid Inc3ViTs model on chr20 (PASS-only).
This indicates that most of the efficiency gains are
driven by architectural depth/channel reduction in
the early backbone rather than the attention
mechanism itself under GIAB/GA4GH small-
variant benchmarking (PASS-only) [14,30].
We attempted to evaluate EfficientNet-B2 [31]

under the same experimental conditions; however,
training could not be completed due to higher GPU
memory consumption caused by intermediate
activation tensors during training. This practical
limitation was noted, and EfficientNet-B2 is
excluded from quantitative comparison.

4.3. Generalization across chromosomes

To assess whether the observed performance
trends are specific to chr20, we additionally evalu-
ated the baseline DeepVariant model and Inc3ViTs
on an independent held-out chromosome (chr19),
which was not used during training or validation.
Chromosome 19 provides a useful cross-chromo-
some generalization test under the same pre-
processing and benchmarking pipeline. The chr19
results showed consistent runtime—accuracy trends
relative to those observed on chr20 for these two
models, suggesting that the reported behavior is
not driven solely by chromosome-specific effects.
Table 2 summarizes the cross-chromosome evalu-
ation on an independent held-out chromosome
(chr19) using the same training split (train: chr1, val:
chr21) and the same benchmarking pipeline. The
results reproduce the same runtime—accuracy
trend observed on chr20.

4.4. Chromosome 20 WGS evaluation

To provide a comprehensive comparison across
all variant callers on the chromosome 20 WGS
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dataset (BGISEQ_PE100_NA12878), we summarized
recall, precision, F1 score, and runtime for INDEL
and SNP calls at approximately 37×, 21×, 10×, and
6× coverage. While absolute runtime may vary
across different GPU architectures, all comparative
evaluations in this study were performed under
identical hardware conditions. Therefore, the re-
ported speedup reflects architectural efficiency
rather than hardware-specific optimizations.
Peak memory consumption was monitored dur-

ing both training and inference under identical
hardware and batch size settings. Inc3ViTs showed
comparable CPU RAM usage and a modest reduc-
tion in GPU VRAM consumption (≈1—1.5%) rela-
tive to the baseline DeepVariant model. These
results suggest that the proposed architectural
simplification does not increase memory footprint,
while still achieving runtime acceleration.
The resulting CPU RAM and GPU VRAM peaks

are summarized in Table 3.

4.4.1. BGISEQ_PE100_NA12878~37× coverage
Table 1 summarizes the ablation study (chr20,

PASS-only) across the three backbones in terms of

SNP F1 score, INDEL F1 score, runtime, and FLOPs.
As shown in Table 1, InceptionV3 Reduced (CNN-
only) and Inc3ViTs achieve SNP F1 values close to
the baseline DeepVariant (0.996 vs. 0.996), while
reducing computational cost substantially (FLOPs:
0.827B—0.887B vs. 2.010B) and slightly improving
runtime (≈3 m 47 s—3 m 50 s vs. 4 m 03 s). However,
Inc3ViTs shows a modest reduction in INDEL F1
relative to the baseline (0.948 vs. 0.960), whereas the
CNN-only reduced model remains closer (0.956).
Fig. 3 provides a visual comparison of the corre-
sponding performance trends.

“Full benchmarking statistics for all callers at 37×
coverage are available in Supplementary File 1
(https://kijoms.uokerbala.edu.iq/cgi/editor.cgi?
article=3460&window=additional_files&context
=home) (Sheet: Inference Chr20 37×).”

4.4.2. BGISEQ_PE100_NA12878~ 21× and 10×
coverage
At approximately 21× sequencing depth,

Inc3ViTs achieves INDELs and SNPs F1 scores that
are within 1—2% of the DeepVariant baseline while
also reducing inference time from 3.28 min to
3.00 min. Although tools such as GATK, Octopus,

Fig. 2. Normalized comparison of training time and aggregate training metrics for Baseline DeepVariant vs. Inc3ViTs (Baseline = 1.0). Values < 1.0
indicate faster training and/or modest metric reductions.

Table 1. Ablation: CNN-only downsizing vs. hybrid local attention
(chr20, PASS-only).

Model SNP F1 INDEL F1 Runtime FLOPs

Baseline
DeepVariant

0.996 0.960 4 m 3 s 2,010,121,782

InceptionV3
Reduced
(CNN-only)

0.996 0.956 3 m 47 s 827,167,634

Inc3ViTs model 0.995 0.948 3 m 50 s 886,976,640

Table 2. Additional held-out chromosome (chr19) results and efficiency
metrics.

Model SNP F1 INDEL F1 Runtime FLOPs

Baseline DeepVariant 0.994 0.956 4 m 39 s 2,010,361,321
InceptionV3 Reduced
(CNN-only)

0.993 0.950 4 m 14 s 827,165,906

Inc3ViTs model 0.987 0.927 3 m 29 s 883,870,272
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and Strelka2 obtain slightly higher accuracy, but
they do so with substantially greater computational
cost. Detailed performance metrics for all callers at
this coverage level are available in Supplementary
File 1 (https://kijoms.uokerbala.edu.iq/cgi/editor.
cgi?article=3460&window=additional_files&context
=home) (Sheet: Inference Chr20 21×).
At 10× depth, Inc3ViTs surpasses the baseline

DeepVariant model in both INDEL and SNPs F1
scores and maintains faster inference. Its perfor-
mance at this intermediate coverage remains
competitive with Octopus and GATK, whose higher
accuracy is accompanied by considerably longer
runtimes. The full benchmarking results for the 10×
experiments can be found in Supplementary File 1
(https://kijoms.uokerbala.edu.iq/cgi/editor.cgi?article
=3460&window=additional_files&context=home)
(Sheet: Inference Chr20 10×).

4.4.3. BGISEQ_PE100_NA12878~6× coverage
At the lowest coverage (~6×), the results for all

callers are summarized in Table 4. The Inc3ViTs
model maintains a favorable balance between ac-
curacy and runtime, improving upon the baseline's
F1 scores for both INDELs and SNPs while pre-
serving its status as the fastest neural model,
whereas FreeBayes and GATK offer higher INDEL
F1 or precision at the expense of runtime.
Fig. 4 shows the INDEL and SNP F1 scores across

callers at ~6× coverage, confirming that Inc3ViTs
shows improved low-coverage robustness when
sequencing depth is limited.

“Comprehensive low-coverage (~6×) perfor-
mance metrics are presented in Supplementary
File 1 (https://kijoms.uokerbala.edu.iq/cgi/editor.
cgi?article=3460&window=additional_files&
context=home) (Inference Chr20 6× sheet).”

4.5. Whole exome sequencing (WES) evaluation

We further assessed performance on the HG002,
HG003, and HG004 WES datasets with the same
seven variant callers. The mean INDEL and SNP F1
scores and mean runtimes across samples are
summarized in Table 5, and the F1 scores are
visualized in Fig. 5.

As reported in Table 5, the Inc3ViTs model ach-
ieves a higher mean SNP F1 score (~0.934) than the
DeepVariant baseline (~0.898) while running
slightly faster on average, whereas Octopus and
GATK achieve the highest overall F1 scores but
incur runtimes of approximately 20—45 min per
sample. Fig. 5 highlights that Inc3ViTs offers a
favorable accuracy—efficiency trade-off for SNP
calling in exomes, outperforming the baseline while
avoiding the computational overhead associated
with GATK.

“Extended WES benchmarking for samples
HG002, HG003, and HG004 is provided in Sup-
plementary File 1 (https://kijoms.uokerbala.edu.
iq/cgi/editor.cgi?article=3460&window=additional
_files&context=home) (Sheet: WES HG002/
HG003/HG004).”

4.6. Statistical significance analysis

To evaluate whether the observed performance
differences are statistically meaningful, we con-
ducted a two-proportion z-test on recall and preci-
sion metrics using the true positive (TP), false
positive (FP), and false negative (FN) counts re-
ported by hap.py. Confidence intervals (95%) were
computed for recall and precision, and propagated
to F1 score estimation.
The full 95% confidence intervals for key chr20

WGS (~37×, PASS) metrics are reported in Sup-
plementary File 1 (https://kijoms.uokerbala.edu.iq/
cgi/editor.cgi?article=3460&window=additional_
files&context=home) (Sheet: Stats_CI_37X).
For chr20 WGS (~37×), the INDEL recall differ-

ence between DeepVariant (0.9515) and Inc3ViTs
(0.9426) corresponds to an absolute gap of 0.89%.
Given the total number of true INDEL variants
(N = 10,023), the resulting z-score indicates statis-
tical significance (p < 0.01). However, the absolute
INDEL F1 reduction remains below 1.3%, while
inference runtime improves by ~5% under identical
hardware and evaluation settings.
For SNPs calling, performance differences were

below 0.2% and fell within confidence interval
overlap. These results suggest that the performance
trade-off is statistically detectable but practically

Table 3. Peak memory consumption comparison.

Phase Model Peak CPU RAM (GB) Peak GPU VRAM (MiB)

Train Baseline DeepVariant 15.343 5984
Train Inc3ViTs 15.333 5892
Inference (chr20) Baseline DeepVariant 12.449 5968
Inference (chr20) Inc3ViTs 12.385 5918
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moderate, particularly when considering the
computational efficiency gains.
All significance tests are based on hap.py TP/FP/

FN counts on the same GIAB truth set and thus
quantify uncertainty with respect to finite sample
sizes rather than repeated training runs.

4.7. Error analysis for low-coverage (6×) results

To assess whether the higher recall observed at
6× coverage reflects true signal recovery under
sparse evidence rather than an increase in spurious
variant calls, we performed a dedicated low-
coverage error analysis under the same GIAB
benchmarking conditions. This analysis focuses on
SNPs Ti/Tv plausibility, false positive character-
ization by variant type (SNPs vs. INDELs) and error
category, and FP/FN decomposition.

4.7.1. Ti/Tv plausibility analysis (SNPs only)
To evaluate the biological plausibility of SNP calls

at 6×, we report Ti/Tv ratios for the GIAB truth set
and for each caller's SNP query callset as produced
by hap.py. Table 6 summarizes the truth Ti/Tv and

Fig. 3. chr20 WGS (~37×) performance normalized to Baseline DeepVariant (1.0); >1.0 is higher accuracy, <1.0 is faster runtime.

Table 4. Performance comparison of variant callers on chromosome 20
under ultra-low coverage (~6× WGS, PASS only), reporting SNP/
INDEL F1-scores and end-to-end inference runtime.

Model SNP F1 INDEL F1 Runtime

FreeBayes 0.879 0.708 1 m 8 s
Inc3ViTs model 0.759 0.617 1 m 56 s
Baseline DeepVariant 0.716 0.611 2 m 8 s
Octopus 0.866 0.744 3 m 16 s
GATK 0.884 0.742 6 m 41 s
Clair3 0.791 0.675 14 m 55 s
Strelka2 0.829 0.602 19 m 30 s

Fig. 4. chr20 WGS (~6×) performance normalized to the baseline (1.0); >1.0 indicates higher accuracy, <1.0 indicates faster runtime.
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the corresponding query Ti/Tv values. Notably,
most callers showed query Ti/Tv values close to the
truth set, while Clair3 exhibits a higher query Ti/Tv
in this setting.

4.7.2. False-positive stratification at 6×
Low-coverage settings can amplify alignment

ambiguity and INDEL-related artifacts. Therefore,
we stratified false positives at 6× by variant type
(SNP vs. INDEL) and by hap.py error category
(FP.gt, FP.al) to assess whether the observed low-
coverage behavior is accompanied by an increase in
false-positive calls (Table 7).

4.7.3. FP/FN error decomposition
To further contextualize performance at 6×, we

report a decomposition of errors into FP and FN
counts for SNPs and INDELs. This allows dis-
tinguishing between “recall gains” driven by
reduced FN versus those driven by increased FP, as
shown in Table 8.
Overall, these analyses aim to ensure that the

low-coverage improvement is supported by

biologically plausible SNPs substitution patterns
(Ti/Tv) and interpretable error decomposition,
rather than reflecting uncontrolled inflation of
false-positives calls.

5. Discussion

This study characterizes efficiency—accuracy
trade-offs in DeepVariant-style pileup models.

Table 5. Average INDELs F1, SNPs F1, and runtime across the HG002,
HG003, and HG004 WES samples for all evaluated variant callers.

Model Mean
INDEL F1

Mean
SNP F1

Mean runtime
(min)

Baseline 0.773 0.898 21 m 29 s
Inc3ViTs 0.762 0.934 20 m 30 s
Clair3 0.723 0.943 37 m 54 s
FreeBayes 0.692 0.953 20 m 36 s
GATK 0.819 0.980 45 m 40 s
Octopus 0.906 0.970 20 m 19 s
Strelka2 0.071 0.490 22 m 24 s

Fig. 5. HG002—HG004 WES mean INDEL F1, mean SNP F1, and mean runtime, normalized to the baseline (1.0); >1.0 indicates higher accuracy,
<1.0 indicates faster runtime.

Table 6. Ti/Tv analysis for SNPs calls at 6× coverage (chr20).

Variant Caller Truth Ti/Tv (SNP) Query Ti/Tv (SNP)

Baseline DeepVariant 2.284 2.094
Inc3ViTs model 2.284 2.098
FreeBayes 2.284 1.995
Octopus 2.284 2.229
GATK 2.284 2.109
Clair3 2.284 2.848
Strelka2 2.284 2.186

Table 7. False-positive breakdown at 6× coverage (chr20).

Type Model QUERY.FP FP.gt FP.al

SNP Baseline DeepVariant 9675 9170 76
SNP Inc3ViTs 8733 8007 94
INDEL Baseline DeepVariant 1959 1558 94
INDEL Inc3ViTs 2097 1591 118

Table 8. FP/FN decomposition at 6× coverage (chr20).

Type Model TP
(TRUTH.TP)

FP
(QUERY.FP)

FN
(TRUTH.FN)

SNP Baseline 42,358 9675 23,879
SNP Inc3ViTs 45,938 8733 20,299
INDEL Baseline 5265 1959 4758
INDEL Inc3ViTs 5400 2097 4623
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Across WGS (chr20 and an additional held-out
chromosome, chr19) and WES (HG002—HG004),
Inc3ViTs reduces computational cost and wall-clock
time while preserving strong SNP performance,
with a modest INDEL precision trade-off at high
coverage.

5.1. Limitations of chromosome-level splitting

Chromosome-based splitting reduces direct
leakage but does not guarantee full statistical in-
dependence. To probe chromosome-specific bias,
we additionally evaluated the models on chr19
(excluded from training and validation). The chr19
results reproduced the same runtime—accuracy
trend observed on chr20 (faster runtime, strong
SNP performance, and an INDEL F1 decrease that
is larger on chr19 than on chr20, yet directionally
consistent), suggesting that the trade-off is not
solely chr20-specific, while noting that INDEL ac-
curacy remains the more sensitive axis under this
constrained training regime.

5.2. Training efficiency and model complexity

The most significant performance gain made by
Inc3ViTs comes from its much faster training
compared with DeepVariant (InceptionV3). This
improvement arises from the reduction in compu-
tational complexity: replacing most of InceptionV3
with a patch tokenizer and local windowed self-
attention results in a lower spatial resolution of
learned representations, and it limits attention to
windows that can be processed with constant re-
sources [13,32]. Local attention scales approxi-
mately as

O
(
N · w2

)
;

in contrast to the

O
(
N2
)

complexity of global attention [13,33]. The FLOPs
budget is thus reduced from 2.01B to 0.886B, cutting
training time from 3.60 h to 1.96 h while preserving
strong SNP performance and maintaining high
training accuracy, with a modest INDEL trade-off at
high coverage.
These enhancements are consistent with results

in the computer-vision literature. Some vision
literature discusses that CNNs exhibit strong lo-
cality/texture inductive biases, whereas trans-
former-based models may require architectural
choices that explicitly strengthen local texture
sensitivity [33,34]. InceptionV3, in contrast, is

particularly good at capturing fine-grained local
spatial patterns and an inductive bias [19,33].
That is helpful for pileup-based variant calling.

As a result, the hybrid nature of the Inc3ViTs design
retains critical local feature extraction with a light-
weight Inception stem and integrates flexible local
attention for more accurate context modeling across
different tasks.
Crucially, our ablation indicates that a large

fraction of the observed efficiency gain is attribut-
able to architectural simplification of the convolu-
tional backbone. In particular, the CNN-only
InceptionV3 Reduced baseline achieves chr20 run-
time and SNPs and INDELs accuracy that are
comparable to Inc3ViTs under the same training
and inference conditions, suggesting that depth/
channel reduction alone may be sufficient to obtain
substantial speedups in this short-read GIAB
benchmarking setting. The benefit of attention
mechanisms may become more pronounced in
other complex scenarios, such as long-read data or
structural variant calling, which are outside the
scope of this study.

5.3. Speed—accuracy trade-off analysis

At high-coverage WGS (~37×), Inc3ViTs exhibits
a modest decrease in INDELs accuracy relative to
the DeepVariant baseline (INDELs F1: 0.9482 vs.
0.9609; ≈1.2% percentage points). While statisti-
cally significant, the observed INDELs reduction at
high coverage should be interpreted as a controlled
efficiency—accuracy trade-off rather than an indi-
cator of model instability. Importantly, the effect
size remains small relative to the runtime savings,
and SNPs performance is preserved. This gap is
primarily driven by a small reduction in INDEL
precision, with a smaller concurrent decrease in
recall, indicating a slight increase in false-positive
INDELs calls rather than a loss of sensitivity. From
an application standpoint, INDEL precision is often
more clinically consequential than SNPs perfor-
mance, particularly in diagnostic settings where
confirmatory testing is costly and minimizing false
positives is critical. Accordingly, we do not position
Inc3ViTs as a replacement for diagnostic-grade
pipelines that require maximal INDEL precision at
high coverage. Instead, Inc3ViTs is intended for
population-scale genomics and resource-con-
strained workflows, where runtime and throughput
become limiting factors and modest precision dif-
ferences can be mitigated by downstream filtering,
re-scoring, or orthogonal validation when required.
This framing clarifies the practical scope of the

282 M. Al-Saffar, S.Z. Al Rashid / Karbala International Journal of Modern Science 12 (2026) 271—287



proposed design and the intended operating point
on the speed—accuracy frontier.

5.4. Effect of sequencing depth on WGS variant calling

5.4.1. High-coverage regimes (37× and 21×)
Among high-depth WGS, all tested callers

(including DeepVariant, Inc3ViTs, Octopus, GATK
HaplotypeCaller, and Strelka2) have con-
sistently achieved high F1 scores. This is consistent
with GIAB benchmarks showing that germline SNP
and INDEL calling is very accurate at 25—30×
coverage [14,30]. At ~37× and ~21×, Inc3ViTs is
near the baseline DeepVariant by a margin of about
1—2%, suggesting that replacing the majority of the
convolutional backbone with a lightweight Local-
ViT branch still maintains DeepVariant-level accu-
racy while providing an order-of-magnitude
reduction in computations.
The small decrease in F1 compared to the com-

plete InceptionV3 backbone is consistent with re-
ports that transformer-based vision models can be
less sensitive to fine-grained local texture unless
designed to enhance local detail [34], and surveys
also note that they often benefit from large-scale
training data [33]. However, the difference is small,
and it does not justify sacrificing computational
efficiency.

5.4.2. Intermediate depth (10×)
The performance of callers diverges more prom-

inently at ~10× coverage. Previous studies have
shown that the sensitivity of SNP and INDEL de-
creases steeply below 15× because there is a lack of
sufficient informative reads for reliable recon-
struction of haplotype [35]. Despite these diffi-
culties, Inc3ViTs shows an advantage over
DeepVariant on both genomes, and SNP F1 is
slightly higher at this coverage. These results sug-
gest that combining a lightweight CNN stem with
local attention can improve robustness at reduced
depth in this setting.

5.4.3. Low coverage (6×)
At 6× coverage, all callers in our experiments

experience significant F1 score decreases, reflecting
limited evidence at ultra-low depth. Even so,
Inc3ViTs remains the fastest of deep-lear-
ning—based callers, and maintains better perfor-
mance than the baseline DeepVariant in both SNP
and INDEL F1. When compared to traditional, non-
deep learning pipelines, Inc3ViTs shows a more
consistent trade-off between accuracy
and efficiency than FreeBayes, as well as some of
the GATK configurations that experience either

longer runtimes (GATK) or less accuracy
(FreeBayes).
In our experiments, DeepVariant and Clair3 were

among the highest-accuracy callers for short-read
variant calling, while Octopus and Strelka2 some-
times achieved comparable or higher F1 values with
higher runtimes under the same evaluation
settings.

5.5. Behavior of FreeBayes at low coverage

FreeBayes exhibited unusually strong F1 scores
and markedly shorter runtimes at 6× coverage;
however, this apparent advantage requires cautious
interpretation in light of the underlying error pro-
file. A detailed inspection of the confusion metrics
in our 6× WGS experiments (Supplementary
Inference (https://kijoms.uokerbala.edu.iq/cgi/
editor.cgi?article=3460&window=additional_files&
context=home) (Sheet: Chr20) 6×)) shows that
QUERY.TOTAL substantially exceeds TRUTH.TO-
TAL for both SNPs and INDELs, consistent with
systematic overcalling and a high-recall strategy
rather than genuinely improved discrimination.
Large UNK (no-call) regions were also observed
(Supplementary Inference (https://kijoms.
uokerbala.edu.iq/cgi/editor.cgi?article=3460&wind
ow=additional_files&context=home) (Sheet:
Chr20) 6×), indicating that FreeBayes frequently
abstains at sites with weak or ambiguous evidence
while aggressively calling at others, thereby
inflating recall at the expense of precision. This
pattern explains the elevated SNP F1 values at low
depth, which are primarily driven by recall rather
than balanced accuracy. This observation is
concordant with previous comparative benchmarks
reporting that FreeBayes generally underperforms
DeepVariant, Clair3, Octopus, and Strelka2 for
INDEL detection in short-read WGS data [8].

5.6. Generalization to WES data

Whole exome sequencing (WES) introduces
distinct challenges, such as non-uniform coverage,
GC bias, and capture inefficiencies across targeted
exons [36]. Notably, neither DeepVariant nor
Inc3ViTs was explicitly trained on WES data. Yet,
across HG002, HG003, and HG004, Inc3ViTs im-
proves baseline DeepVariant mean SNPs F1
(≈0.934 vs. ≈0.898), while maintaining roughly
comparable INDELs performance and achieving
faster average runtime.
By contrast, Octopus and GATK achieve the

highest INDELs and SNPs F1 scores but require
20—45 min per sample, reflecting the computational
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cost of local assembly and haplotype-aware statis-
tical refinement [25,37]. Clair3 and FreeBayes pro-
vide competitive SNPs F1 but weaker INDELs
performance, while Strelka2 underperforms on
WES despite moderate runtimes.
These results indicate that Inc3ViTs offers a

particularly advantageous accuracy-efficiency
trade-off for SNPs-centric or high-throughput ap-
plications, such as population studies, large-scale
screening pipelines, or environments with limited
computational resources. The hybrid architecture
appears to generalize better to the heterogeneous
distribution of WES data in our experiments;
attributing this behavior to specific architectural
factors would require dedicated ablation analyses
beyond the scope of this study.
Among evaluated callers, Strelka2 exhibited

markedly reduced INDEL and SNP recall across all
WES samples. This behavior was consistent across
HG002—HG004 and reflects conservative variant
emission under default settings and PASS-only
filtering. While precision remained high, the limited
number of emitted calls resulted in significantly
reduced F1 scores. This observation highlights the
importance of caller-specific configuration choices
when benchmarking WES data.

5.7. Overall perspective

Across a wide range of experiments, the Inc3ViTs
architecture demonstrated substantial improve-
ments in computational efficiency and perfor-
mance. The model reduces training time by
approximately 50% and consistently accelerates
inference relative to DeepVariant while maintain-
ing competitive accuracy, and in some cases nearly
identical performance. It also shows enhanced
robustness under reduced sequencing depth,
stronger generalization to whole exome sequencing
datasets, and remains the fastest neural variant
caller across all tested scenarios.
Together, these results highlight that substantial

efficiency gains in DeepVariant-style models can be
achieved through architectural simplification, with
hybrid CNN—local attention representing one
feasible design point within this trade-off space. In
the evaluated short-read GIAB SNPs/INDELs
setting, the CNN-only downsized baseline achieves
performance comparable to the hybrid model,
indicating that much of the speedup is driven by
backbone simplification. Attention mechanisms
may provide additional benefits in more complex
settings (e.g., long-read or structural variant call-
ing), which are outside the scope of the present
study.

Despite these advantages, several limitations
remain. The current study focuses primarily on
short-read GIAB-derived WGS and WES data, with
training restricted to selected chromosomes. Future
research should explore the model's applicability
across more diverse populations, sequencing tech-
nologies, and variant types, particularly structural
variants and long-read platforms. Further in-
vestigations into dynamic attention window sizing,
genome-wide training strategies, and the incorpo-
ration of haplotype-aware features may enhance
performance. Validation within clinical pipelines
and large-scale production environments will also
be important to establish the model's robustness in
real-world applications.

6. Conclusion

This study provides a practical and empirical
evaluation of efficiency-oriented architectural
choices for DeepVariant-style models, using
Inc3ViTs as a representative hybrid CNN—local
attention design alongside CNN-only downsizing
baselines. Across the evaluated architectures, we
observe substantial reductions in FLOPs and wall-
clock training and inference time relative to the full
InceptionV3 baseline. Most efficiency gains are
attributable to architectural depth/channel simpli-
fication in the early backbone, with additional ef-
fects from the hybrid local-attention branch that are
variable across settings (and modest in some GIAB
short-read configurations). Empirical results
demonstrate a reduction of approximately 40—50%
in training time and consistently faster inference
while maintaining competitive SNPs and INDELs
performance in the evaluated GIAB short-read
setting, highlighting that architecture-level simpli-
fication can meaningfully improve efficiency
beyond system-level acceleration under controlled
and comparable experimental conditions.
We also observe no memory overhead, peak CPU

RAM is comparable, and peak GPU VRAM is
slightly reduced relative to the baseline.
Across the evaluated GIAB short-read WGS and

WES benchmarks, Inc3ViTs achieves accuracy that
is generally comparable to the DeepVariant base-
line, with performance differences that depend on
variant type and coverage regime. Inc3ViTs ach-
ieves competitive accuracy for short-read SNP and
INDEL variant calling under GIAB benchmarking
conditions, while delivering consistently faster
inference relative to the DeepVariant baseline. On
the primary chr20 high-coverage tests (37× and
21×), the model retains SNP and INDEL F1 scores
within ~1—2% of the baseline, despite the simplified
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backbone; on the cross-chromosome chr19 test we
observe a larger INDEL gap. At intermediate and
low coverage depths (10×—6×), Inc3ViTs shows
improved robustness relative to the baseline in
several settings, while maintaining competitive
performance compared with alternative callers that
may rely on more computationally expensive heu-
ristics, such as haplotype assembly or full-align-
ment refinement. On WES datasets (not used for
training), Inc3ViTs shows competitive SNPs per-
formance with reduced runtime relative to the
baseline in our experiments.
Comparison against a variety of traditional and

deep learning-based callers, including Clair3,
GATK HaplotypeCaller, FreeBayes, Octopus, and
Strelka2, further demonstrates the competitive ac-
curacy-efficiency trade-off reached by Inc3ViTs.
Although some tools produce slightly better F1
scores in certain situations, they do so at the cost of
substantially longer runtimes. On the other hand,
Inc3ViTs consistently reduces inference time rela-
tive to the DeepVariant baseline across the tested
scenarios, supporting its suitability for population-
scale studies and compute-constrained screening
workflows, where throughput is a primary
constraint and downstream filtering or validation
can be applied when needed.
Inc3ViTs is not intended to replace diagnostic-

grade pipelines that prioritize maximal INDEL
precision at high coverage; rather, it provides a
speed-efficient operating point for large-cohort and
resource-limited settings.
The evaluation presented in this study is limited

to Genome in a Bottle (GIAB) benchmark datasets
using short-read sequencing data and small variant
calling (SNPs and short INDELs). Structural vari-
ants, large insertions/deletions, copy-number vari-
ations, and long-read sequencing technologies (e.g.,
PacBio or Oxford Nanopore) were not investigated.
Therefore, conclusions should not be generalized
beyond small-variant short-read variant calling
scenarios.
Performance may be further improved by

extending training to genome-wide datasets,
incorporating haplotype-aware representations,
and investigating adaptive or dynamic attention
mechanisms. Validation in clinical or production-
scale workflows will also be important to assess
robustness under operational constraints.
In summary, our results indicate that substantial

efficiency gains in DeepVariant-style models can be
achieved through architecture-level simplification,
with hybrid CNN—local attention representing one
feasible design point within this efficiency—

accuracy trade-off space. In the evaluated GIAB

short-read SNPs/INDELs setting, Inc3ViTs provides
a practical balance between runtime and accuracy,
supporting its potential use in large-scale and
resource-constrained workflows.
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single Excel file compiling detailed training and
inference results across multiple datasets and
sequencing depths. It reports a side-by-side
training comparison between the baseline Deep-
Variant (InceptionV3) and the proposed Inc3ViTs
model, and provides comprehensive variant-calling
evaluations on whole-genome sequencing (WGS) at
approximately ~37×, ~21×, ~10×, and ~6×
coverage. Additional worksheets summarize whole
exome sequencing (WES) performance across
HG002, HG003, and HG004, enabling assessment of
robustness and generalization under distinct
sequencing conditions.
The supplementary file also includes an inde-

pendent held-out chromosome evaluation on chr19.
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Chromosome 19 was strictly excluded from both
training and validation and was used only for final
testing to assess cross-chromosome generalization.
All experimental conditions for chr19 (hyper-
parameters, hardware/software environment, input
representation, and the hap.py/vcfeval-based eval-
uation pipeline) were kept identical to the main
chr20 experiments to ensure a fair and directly
comparable assessment. For clarity, the Excel file is
organized into the following sheets: Train,
Chr20_37x, Chr20_21x, Chr20_10x, Chr20_6x,
Stats_CI_37x, WES_HG002, WES_HG003,
WES_HG004, Chr19, Reproducibility_details, Base-
line_Tools, and Inc3ViTs_HParams/Reproducibility
_Environment.
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