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Table S1. Implementation details of the five retrained baseline methods.
	Method
	Source implementation
	Architecture settings
	Training settings

	DeepVirFinder [1]
	Repository:
https://github.com/jessieren/DeepVirFinder
Software version: 1.0
	Convolutional network on single-channel one-hot nucleotide input; motif filter length 10; 1,000 convolutional filters; 1,000 dense units.
	Adam, learning rate 1 × 10⁻³; batch size 512; 30 epochsᵃ

	PPR-Meta [2]
	Repository:
https://github.com/zhenchengfang/PPR-Meta
Software version: 1.1
	BiPathCNN with a one-hot nucleotide path and a six-phase one-hot codon path; codon-sequence length = floor(L/3); retrained with a two-class output head.ᵇ
	Adam, learning rate 2 × 10⁻⁴; batch size 512;30 epochs

	Seeker [3]
	Repository:
https://github.com/gussow/seeker
Software version: 1.0.2
	Nucleotide vocabulary of five tokens (N, A, T, C, G); embedding dimension 1; one LSTM layer with five hidden units; 177 trainable parameters in total.
	Adam, learning rate 1 × 10⁻³; batch size 256ᶜ; 30 epochs; gradient clipping at global norm 1.0

	DETIRE [4]
	Repository:
https://github.com/crazyinter/DETIRE
Software version: 1.2
	Precomputed graph-derived 3-mer embedding matrix (30 dimensions) loaded as fixed input; CNN and BiLSTM feature-extraction paths; dropout 0.5; k-mer sequence length L − 2.ᵈ
	Adam, learning rate 2 × 10⁻³; batch size 512; 30 epochs

	Virtifier [5]
	Repository:
https://github.com/crazyinter/Seq2Vec
Software version: 1.1
	Stride-1 overlapping-codon vocabulary of 65 tokens (index 0 = ambiguous codon and padding); pretrained Seq2Vec embedding of 20 dimensions, fine-tuned end to end; one LSTM layer with 64 hidden units; Bahdanau attention of size 20; dropout 0.8; codon-sequence length L − 2.
	Adam, learning rate 2 × 10⁻⁴; batch size 256; 30 epochs


All baselines were retrained from their publicly available implementations using the genome-level training partitions prepared for this benchmark, with input fragment lengths matched to SCoV at 300 bp and 500 bp. Outputs were binary viral-versus-host probabilities, and a fixed classification threshold of 0.5 was applied to every method. L denotes the fragment length in base pairs. Each method was trained for a prespecified number of epochs and evaluated using the final-epoch checkpoint, matching the checkpoint-selection protocol used for SCoV. Identical evaluation fragment sets and ground-truth labels were verified across all methods before comparison. Repository URLs and public software versions were verified on 5 August 2026.
a The original report indicates that performance stabilises by approximately 30 epochs; 20 epochs were used here to match the training budget applied to the other methods.
b The original tool performs three-way phage/plasmid/bacterium classification. For this benchmark, the architecture was retrained with a two-class output head rather than by post hoc mapping of the three-class scores.
c The original report uses a batch size of 27; 256 was used here for computational efficiency on the available hardware.
d The graph-derived 3-mer embedding was precomputed and loaded as a fixed matrix; the graph-construction step was not repeated during classifier training.
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