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ABSTRACT

AlphaFold 3 (AF3) enables accurate biomolecular modeling but is limited by
slow, CPU-bound multiple sequence alignment (MSA) generation. We introduce
AlphaFast, a drop-in framework that integrates GPU-accelerated MMseqs2 se-
quence search to remove this bottleneck. AlphaFast achieves a 68.5x speedup
in MSA construction and a 22.8x reduction in end-to-end runtime on a sin-
gle GPU, and delivers predictions in 8 seconds per input on four GPUs while
maintaining indistinguishable structural accuracy. A serverless deployment en-
ables structure prediction for as little as $0.035 per input. Code is available at
https://github.com/RomerolLab/alphafast

1 INTRODUCTION

The release of AlphaFold 3 extended accurate protein modeling from single protein chains to pro-
tein—ligand, protein—-DNA, and protein—RNA complexes (Abramson et al., 2024). Despite its predic-
tive power, inference remains computationally expensive, limiting practical use in high-throughput
experiments in proteomics, interactomics, or synthetic biodesign. A key contributor to this cost
is the construction of multiple sequence alignments (MSAs). MSAs encode evolutionary informa-
tion that is critical to state-of-the-art folding and interaction prediction, but their generation requires
searching giga-scale reference databases (Lee et al.,[2024).

Over the past few decades, MSA construction has progressed from exact dynamic programming
solutions to fast heuristic and sensitive profile-based aligners such as BLAST (Altschul et al.||1990),
DIAMOND (Buchfink et al., 2021), HMMER (Eddy, 2011), and MMSeqs (Hauser et al., 2016;
Steinegger & Soding, 2017). While these advances substantially reduce search time, large-scale
MSA generation remains computationally demanding. As a result, many modern biomolecular pre-
diction pipelines that strictly require (Jumper et al., [2021; Wohlwend et al.l 2025} |[Mirdita et al.,
2022) or obtain best results from (Discovery et al.l [2024) inclusion of MSAs outsource their con-
struction to hosted web servers (Mirdita et al.l 2019). While this approach lowers the barrier to
entry, it introduces additional latency, prevents MSA parameter tuning, complicates deployment in
high-performance computing (HPC) environments, and remains low throughput.

Recently, MMseqs2-GPU demonstrated that GPU-accelerated sequence search can achieve an order-
of-magnitude speedup over CPU-bound pipelines, enabling fast, fully local MSA generation while
substantially reducing inference time in AlphaFold 2 workflows (Kallenborn et al., 2025). However,
extending these gains to AF3 is non-trivial given incompatible data pipelines, the post- and pre-
processing requirements of MMSeqs2-GPU, as well as file input/output (I/O) optimization in HPC
environments. Furthermore, there exists no cost-effective, high throughput implementation of AF3
available to researchers without access to significant computational resources.

In this work, we introduce AlphaFast, a simplified pipeline that replaces CPU-bound JackHMMER
with GPU-accelerated MMseqs2 while preserving the original AF3 folding module, weights, and
end-to-end performance. AlphaFast supports cached batch processing for ligands and proteins in
both single-GPU and multi-GPU setups. On a single GPU, AlphaFast achieves up to a 68.5X
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Figure 1: AlphaFast architecture enables inference speeds scaling with batch size. (a) Archi-
tectural comparison between AF3 (top) and AlphaFast (bottom). AF3 iterates /N times over inputs
on CPU, processing one chain at a time through parallel database searches. AlphaFast batches all
chains, iterates once on GPU, searches sequentially, produces a packed output database, then un-
packs and converts individual MSAs before folding. (b) Average total wall time running inference
a single NVIDIA L40S GPU on a bare metal server with Docker (left) vs a single NVIDIA H200
GPU on an HPC environment with Singularity (right). Stacked bar charts demonstrate homology
search dominates AF3 inference and is increasingly reduced at larger query batch sizes.

speedup in MSA generation and a 22.8x reduction in end-to-end (wall clock). With four GPUs,
AlphaFast reaches speeds of 8 seconds per input (a 71.2x acceleration), scaling nearly linearly with
additional GPUs. We verify that AlphaFast produces MSAs and structures that are statistically in-
distinguishable from AF3 MSAs and outputs. Finally, we hope AlphaFast’s modular design will
serve as an implementation guide to future folding architectures that decouple MSA construction
from inference.

2 METHODS

AlphaFast introduces three key architectural improvements to AF3. First, unlike AF3’s per-chain
JackHMMER search (Figure [Th, top), AlphaFast consolidates unique sequences into a batched
MMseqs2-GPU query for sequential database search (Figure [Th, bottom). Second, AlphaFast max-
imizes throughput by offloading the CPU-bound MSA post-processing of database /N concurrently
with GPU search of database N + 1. Finally, AlphaFast enforces a strict two-stage architecture to re-
solve video memory (VRAM) conflicts between JAX initialization (Bradbury et al.|2018)) and MSA
generation. For fair comparison, we strictly match AF3’s default E-values (10~*) and sequence lim-
its for all four reference databases: UniRef90 (Suzek et al.l [2015)), MGnify Mitchell et al.| (2020),
Small BFD (Jumper et al.,[2021; Mirdita et al.,[2022), and UniProt (Consortium, |[2019).

To benchmark AlphaFast against AF3, we curated a set of 32 and 512 protein monomer, protein-
protein, and protein-ligand targets sampled from the PDB (wwPDB consortium, [2018)) (see Ap-
pendix [A2] for selection criteria). For each configuration, we ran benchmarks in triplicate, mea-
suring average per-input wall time while varying the AlphaFast GPU query batch size from 1 to
512. For fair comparison, we run AF3 in batched mode with four parallel JackHMMER searches
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and model compilation. We test AlphaFast in two common setups: a local, bare metal server with
NVIDIA L40S GPUs and an HPC environment with the SLURM job scheduler (Yoo et al., [2003))
and NVIDIA H200 GPUs. AlphaFast speedups are calculated relative to AF3 running on the exact
same hardware. Further benchmarking information can be found in Appendix [B.T}

For multi-GPU inference, AlphaFast employs a phase-separated parallel architecture. In Phase 1,
inputs are partitioned round-robin across all available GPUs and each GPU independently runs the
batched MSA pipeline on its partition. After all MSA processes complete, intermediate feature
files are written to disk. Phase 2 then re-partitions the outputs across GPUs for parallel folding.
This design ensures clean separation of GPU-bound MSA search from JAX-based inference while
achieving near-linear scaling. We expand the test set to 2, 048 inputs to account for a batch size of
512 on 4 GPUs (see Appendix [A.3)

3 RESULTS

3.1 GPU-ACCELERATED MSA LOOKUP SCALES WITH BATCH SIZE

Single NVIDIA L40S. On a single NVIDIA L40S GPU (Figure , left), AF3 requires 843.9 sec-
onds per input, with MSA construction accounting for the vast majority (95.4%) of wall time. With-
out batching, AlphaFast reduces this to 317.1 seconds and continues to improve with larger batch
sizes. Efficiency gains begin to plateau around a batch size of 64 (65.3 seconds per input), likely
due to GPU memory bandwidth saturation. The highest efficiency gain occurs at the maximum
tested batch size of 512 (61.2 seconds per input), yielding a maximum 13.8x end-to-end speedup
on a single L40S GPU. Larger batch sizes likely will reduce this further, but diminishing returns are
expected.

Single NVIDIA H200. On a single NVIDIA H200 GPU, performance gains are amplified further
(Figure [Tp, right). The increased HBM3e memory bandwidth enables continued scaling across all
tested batch sizes without a clear plateau in MSA per-input time. AF3 requires 574.9 seconds per
input, with MSA construction consuming 95.8% of total wall time. Wall time decreases rapidly to a
minimum of 25.2 seconds per input at the maximal tested batch size of 512 (a 22.8x speedup). At
this batch size, MSA time consumes 31.9% of runtime and is likely to reduce further at even larger
batch sizes. Notably, sequential processing yields only a 1.2-fold speedup on the H200, slower than
the L40S at the same batch size. We attribute this to I/O bottlenecks on the shared HPC filesystem
during intermediate file production; at larger batch sizes, GPU throughput compensates for this
overhead.

Multi-GPU. On a 4xL40S setup, AlphaFast achieves a throughput of 19.4 seconds per input (8.2
second MSA, 11.2 second fold), a 3.1x improvement over the single-GPU configuration and a
43.5x end-to-end speedup over the AF3 baseline. On a 4xH200 setup, per-input time drops fur-
ther to 8.1 seconds per input (3.3 seconds MSA, 4.8 second fold), yielding a 71.2x speedup over
the same-hardware baseline and reducing MSA construction time by over two orders of magnitude.
Both configurations exhibit approximately 78% parallel efficiency across four GPUs. The remain-
ing overhead is likely attributable to phase synchronization and I/O. Because the two phases are
independent and require no inter-GPU communication, throughput is expected to scale near-linearly
with additional GPUs.

Serverless Inference (Modal). To democratize access to high-throughput structure prediction,
AlphaFast includes a serverless inference mode via the compute provider Modal. In this mode,
users only require a copy of the AlphaFast weights, a billing account, and a directory of inputs. We
benchmarked performance on both NVIDIA 1.40S and H200 GPUs to optimize for cost-efficiency.
Remarkably, despite the H200’s significantly higher hourly rental rate compared to the L40S, it
proved to be the more economical choice due to its superior throughput. The H200 achieved a 2.3x
speedup, reducing the inference time to 28.3 seconds and the total cost to $0.035 per target (lower
than the L40S). Detailed cost benchmarks are provided in Appendix

3.2 ALPHAFAST MAINTAINS STRUCTURAL ACCURACY DESPITE REDUCED MSA DEPTH

To evaluate the numerical performance of AlphaFast relative to AF3, we used a Two One-Sided
T-test (TOST) (Koch, 1991} [Schuirmann, [1987). We applied distinct metrics and criteria to reflect
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Figure 2: AlphaFast achieves structural prediction accuracy equivalent to AF3. (a-b) Log-
log scatter plots of MSA Depth and Ng. (c-d) Global structural accuracy (TM-score and RMSD)
shows high concordance (y = z). Inset histograms display the distribution of pairwise differences
(A = AlphaFast — AF3), showing a sharp peak at zero. (e-f) Model confidence metrics (pLDDT and
pTM) demonstrate equivalence within bounds. While MSA Depth is reduced, effective information
content (/Neg) and structural metrics remain statistically indistinguishable.

the biological nature of each data type. For MSA inputs (/Ng, Depth), we performed a Log-Ratio
TOST against the standard bioequivalence margin of [0.80, 1.25]. For structural outputs (TM-score,
RMSD), we assessed the absolute mean difference (A) against strict margins (e.g., £0.02 for TM-
score) (Table [S2).

MSA Inputs. Input consistency is visualized in Figure 2h-b. While AlphaFast retrieves fewer raw
sequences (MSA Depth GMR ~ 87.1%), it successfully captures the full spectrum of effective
evolutionary information (Ne GMR =~ 107.6%). As detailed in the appendix, these values fall
well within or exceed the bioequivalence thresholds, confirming that AlphaFast selectively filters
redundant sequences without compromising the information density required for prediction.

Structural Outputs. Consequently, this input efficiency translates directly to high-fidelity structural
outputs. As shown in Figure 2k-f, the variance between methods is negligible. The mean difference
for TM-score was virtually zero (A ~ +0.002), and RMSD showed no deviation (A = 0.00 A).
These results demonstrate that AlphaFast maintains strict structural equivalence to the baseline de-
spite the optimization of input generation.

4 DISCUSSION

In conclusion, AlphaFast overcomes the computational bottleneck of CPU-bound MSA generation
in AlphaFold 3 by integrating a GPU-accelerated search via MMseqs2. This approach decouples
feature generation from inference, delivering a 22.8x speedup on a single GPU and up to 71.2x
in multi-GPU configurations, effectively reducing per-target runtime from nearly 20 minutes to un-
der 10 seconds. Crucially, this acceleration preserves the quality of evolutionary information (Neg)
and structural accuracy, ensuring that speed does not come at the cost of model fidelity. To democ-
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ratize access to this high-throughput capability, we provide a serverless implementation enabling
researchers to fold large cohorts for approximately $0.035 per target.

Despite these advances, AlphaFast has specific limitations. Efficiency gains are maximized for large
batches of unique proteins; workflows centered on a single static target—such as repetitive small
molecule docking against one receptor—may not realize the same benefits due to lack of caching
opportunities. Furthermore, performance on extreme sequence lengths or non-natural inputs remains
to be fully characterized. Lastly, we recently added RNA and DNA modalities to AlphaFast, but have
not yet characterized wall time savings and statistical equivalence on such inputs.

Looking forward, the strategy of separating search from inference provides a generalizable template
for removing bottlenecks in other structural biology models. Ultimately, AlphaFast demonstrates
that using the right tools virtually eliminates MSA lookup time, enabling industrial-scale protein
design for academic laboratories.
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A BENCHMARK DATA

A.1 REFERENCE SEQUENCE DATA & PREPARATION

For benchmarking, we acquire reference sequence databases identical to those fetched in AlphaFold
3 (AF3) via the fetch_databases. sh script. The raw sequence data were obtained in FASTA
format, including UniRef90 v2022_05 (Suzek et al,, [2015), MGnify clusters v2022_05 (Mitchell
et al., [2020), BFD first non-consensus sequences Mirdita et al.[ (2022); Jumper et al.| (2021), and
UniProt v2021_04 (Consortium, |2019). These represent the four databases searched during MSA
lookup in the AF3 pipeline. JackHMMER (Eddy} 2011) can utilize the FASTA (.fa) format without
any further pre-processing; However, MMSeqs2-GPU (Kallenborn et al., [2025) requires databases
to be converted into a memory-aligned “padded” binary format first. We implemented a two-step
conversion process using MMseqs2: first converting FASTA files to binary, indexed databases, and
subsequently generating padded sequence databases optimized for GPU memory access. We use the
following commands per reference sequence database using 128 threads for speed:

# 1. Convert FASTA to standard MMseqgs2 database
mmseqs createdb <database—-name>.fa <database—-name>

# 2. Generate Padded DB for GPU acceleration
mmseqgs makepaddedsegdb <database—-name> <database-name>_padded>

The resulting * _padded databases reduce the need for loading massive index files into RAM, in-
stead streamlining data transfer to the GPU during inference. Below, we enumerate the disk space
differences between database formats. For MMSeqs2-GPU databases, we sum the space used by the
lookup, index, type, header and main database files.

Table S1: Database Infrastructure Comparison: Raw FASTA vs. GPU-Padded Formats. The
table compares the storage footprint of the original raw sequences against the converted padded
databases required for GPU acceleration. While the padded format increases storage usage by 27.3%
due to memory alignment, it is strictly required.

Database Raw FASTA Size (GiB) GPU Padded Size (GiB) Role
UniRef90 66.9 78.8 MSA Generation
MGnify 119.7 169.9 MSA Generation
Small BFD 16.9 22.1 MSA Generation
UniProt (Paired) 101.0 116.7 Paired MSA
Total 304.5 387.5 A =83 GiB

On our local system, the data setup took approximately 4 hours for download and conversion. How-
ever, we note actual times may vary quite significantly depending on several factors including but
not limited to: download speed, system write I/O, host server API call limits, and download agent
(wget vs. aria2c).

A.2 SCALING & NUMERICAL PERFORMANCE DATA SOURCE AND FILTERING CRITERIA

To ensure rigorous evaluation of both the standard and accelerated pipelines, we curated benchmark
datasets from the Protein Data Bank (wwPDB consortium), 2018). We selected structures released
after September 30, 2021, aligning with the training data cutoff of AF3 to prevent data leakage. The
curation process excluded DNA/RNA complexes to focus strictly on protein targets. We applied the
following filtering criteria to ensure high-quality structural data:

1. Resolution: Structures with resolution < 3.0 A (including NMR/EM structures).

2. Chain Length: Individual chains between 50 and 500 residues.

3. Total Size: Total residue count < 1, 500 to fit within standard GPU memory constraints.
4.

Complex Types: Targets were categorized into three groups: monomers (single chain),
protein-ligand (single chain with small molecules), and protein-protein complexes (multi-
mers).
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A.3 MULTI-TIERED DATASET STRATEGY

Given the substantial computational resources required for end-to-end AF3 inference, we adopted
a multi-tiered dataset strategy. This approach allows us to efficiently evaluate prediction accu-
racy, single-GPU throughput, and multi-GPU scalability without incurring prohibitive computa-
tional costs. All datasets were randomly sampled from the filtered PDB criteria to ensure they share
representative structural characteristics (e.g., chain length, complex type distribution) without sys-
tematic bias. The exception is the multi-GPU benchmark set, which we relax the training cutoff
date.

1. Accuracy Benchmark (/N = 32). For the primary evaluation of MSA quality and struc-
ture prediction accuracy, we utilized a subset of 32 randomly sampled targets. The size
of this dataset was constrained by the extreme computational cost of the baseline pipeline;
generating reference MSAs and structures using the standard AF3 (JackHMMER) pipeline
requires approximately 20 minutes per target on our hardware. A larger accuracy bench-
mark would have necessitated prohibitively long runtimes solely to establish the baseline
ground truth.

2. Single-GPU Benchmark (N = 512). To rigorously evaluate throughput, latency, and cost-
efficiency on single-device configurations (e.g., NVIDIA L40S vs. H200), we curated a
mid-sized dataset of 512 targets. This volume is sufficient to saturate the GPU and mitigate
cold-start overheads, providing a robust estimate for ’production-grade” performance and
serverless cost calculations.

3. Multi-GPU Benchmark (N = 2,048). For the most demanding stress tests, including
multi-GPU scalability and storage I/O bottlenecks in an High Performance Computing
(HPC) environment, we constructed a large-scale dataset of 2,048 targets. This tier val-
idates the stability of the multi-gpu architecture under heavy load and demonstrates the
system’s capability to handle industrial-scale screening workflows. For this set only, we re-
lax the training data cutoff to structures released after September 30, 2016 as our sampling
strategy did not yield enough inputs to test this scale. We only utilize this large-scale set to
assess inference speed and not numerical performance.

B ARCHITECTURE & EVALUATION METHODOLOGY

B.1 HOMOLOGY AND TEMPLATE SEARCH

To benchmark the performance of the accelerated pipeline, we established a controlled comparison
between the default AF3 data generation process and our proposed MMseqs2-GPU implementation.
Both pipelines search against identical sequence databases with attempts to match parameters to
ensure comparable MSA composition.

1. Baseline Pipeline (JackHMMER/hmmsearch). The default pipeline utilized HMMER
3.4 for MSA generation. Four parallel subprocess calls query against sequence databases
with the following per-database sequence limits:

(a) UniRef90. Maximum of 10,000 sequences

(b) MGnify. Maximum of 5,000 sequences

(c) Small BFD. Maximum of 5,000 sequences

(d) UniProt. Maximum 50,000 sequences (for taxonomic pairing)
Search parameters were configured with a single iteration (N = 1), E-value threshold of
104, and aggressive pre-filters (F1 = 5 x 1074, F2 = 5 x 107°, F3 = 5 x 1077) to
accelerate queries against large metagenomic databases. For template retrieval, HMM pro-
files constructed from the merged MSA were searched against the pdb_segres database
using hmmsearch, configured with relaxed pre-filters (F'1 = F2 = F3 = 0.1) and an
E-value threshold of 1073,

2. Accelerated Pipeline (MMseqs2-GPU). The experimental pipeline utilized MMSeqs2
with GPU-accelerated pre-filtering (——gpu 1) at sensitivity s = 7.5. To maximize GPU
utilization while avoiding memory contention, we implemented a pipelined execution strat-
egy:
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(a) Sequential GPU Search. Database searches execute sequentially against padded
databases (UniRef90, MGnify, Small BFD, UniProt), with each mmseqgs search
command using alignment backtraces (-a) for downstream MSA generation. Se-
quence limits match the baseline pipeline with £ < 1074,

(b) Parallel CPU Post-Processing. Upon completion of each GPU search, post-
processing tasks (mmsegs result2msa with ——-msa-format-mode 2 fol-
lowed by mmseqgs unpackdb and a custom conversion to the expected A3M out-
put) are offloaded to a thread pool executor, allowing CPU-bound conversion to over-
lap with subsequent GPU searches.

(c) MSA Consolidation. Individual database MSAs are merged with feature-equivalence
deduplication to remove redundant sequences across databases.

For template retrieval, nmseqs search queries the pdb_seqres database (F < 1073),
filtering for minimum alignment coverage of 40%. Template metadata (PDB ID, chain,
residue ranges) are parsed from result alignments to map hits to mmCIF structures, exclud-
ing entries released after September 30, 2021 for fair comparison.

B.2 FOLDING METHOD & TEMPLATE FILTERING

Structure prediction was performed using the official JAX-based (Bradbury et al.,|2018) implemen-
tation of AF3 within a custom Docker environment (Singularity was used on the HPC environment
instead). To capture the model’s stochasticity and robustly estimate performance, we generated a
total of 25 predictions per target, derived from 5 distinct random seeds with 5 diffusion samples per
seed. For scaling, we reduce this to 5 predictions per target, derived from 1 random seed with 5
diffusion samples. Inference was executed with standard hyperparameters, including 10 recycling
iterations and Triton-based flash attention (Tillet et al.|[2019).

To evaluate performance under controlled evolutionary contexts, we implemented two distinct tem-
plate regimes by pre-filtering the template inputs before inference:

1. Relaxed Regime (ID < 90%). A standard setting that filters out templates with > 90% se-
quence identity. This setup removes self-templates to prevent data leakage while retaining
close structural homologs.

2. Stringent Regime (ID < 30%). A stress test that filters out all templates with > 30%
sequence identity. This regime simulates “orphan” targets or de novo designs where no
homologous structural information is available.

Template filtering was applied using a custom pre-processing script to generate sep-
arate input directories, which were then dynamically selected at runtime via the
——precomputed_templates_a3m_path argument. In both regimes, a maximum of 4
top-ranked templates were passed to the model.

B.3 STATISTICAL ANALYSIS

To assess input feature quality, we measured MSA depth (raw count) and the effective number of
sequences ([Ngg). Structural prediction accuracy was quantified using TM-score and RMSD relative
to ground truth. Model confidence was assessed using pLDDT and pTM.

Statistical comparisons were performed using the SciPy library (Virtanen et al.,2020). Differences
in metrics were initially evaluated using paired t-tests. To rigorously assess the functional equiva-
lence of the two pipelines, we employed a Two One-Sided Test (TOST) (Kochl [1991) procedure
with regime-specific criteria:

1. Input Equivalence (Log-Ratio): For MSA metrics (/Ve, Depth), which follow log-normal
distributions, we performed a Log-Ratio TOST. We applied the standard bioequivalence
margin of [0.80,1.25] (Schuirmann| |1987), a rigorous threshold conventionally used to
establish statistical equivalence in biological datasets.

2. Output Equivalence (Absolute Difference): For structural metrics (TM-score, RMSD,
pLDDT), we applied strict absolute margins to ensure high fidelity. The equivalence
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bounds (¢) were set based on community standards: € = 0.02 for TM-score and pTM,
€ = 0.5 A for RMSD, and € = 1.0 for pLDDT.

A p-value < 0.05 in the TOST procedure indicates that the performance difference falls significantly
within these specified equivalence bounds.

B.4 TEMPLATE RETRIEVAL SENSITIVITY AND STRUCTURAL ROBUSTNESS

While the main text focuses on the functional equivalence of the final structures, we further analyzed
the intermediate template retrieval steps and performance under a stringent evolutionary scenario

(Figure [ST).

Template Retrieval Sensitivity. We compared the ability of each pipeline to identify valid struc-
tural templates from the PDB70 database. Due to the heuristic nature of the accelerated search,
we observed a trade-off in retrieval sensitivity. As shown in Figure [STh, the baseline hmmsearch
pipeline retrieved templates for 27/32 targets, while the MMseqs2-GPU pipeline identified tem-
plates for 23/32 targets. Furthermore, Figure [STp indicates that for certain targets, MMseqs2-GPU
retrieved templates with lower sequence identity compared to the exhaustive profile-based search of
hmmsearch (points falling below the diagonal).

Structural Robustness Under Stringent Filtering (< 30%). Crucially, however, this reduction
in template quantity and quality did not propagate to the downstream prediction accuracy. To rig-
orously test this robustness, we evaluated performance under a ”Stringent Regime” where all tem-
plates with > 30% identity were excluded. As shown in Figure [S1k-f, the global accuracy metrics
remained strictly aligned despite the differences in template inputs. Quantitative analysis confirmed
this equivalence: the mean difference in TM-score was negligible (A = —0.0015), and RMSD vari-
ation was minimal (A = +0.0037 A), both falling well within strict equivalence bounds. This result
strongly suggests that AF3 is robust to minor variations in template assignment and that AlphaFast
provides sufficient evolutionary signal to maintain high-fidelity modeling even when template re-
trieval is suboptimal.

B.5 STATISTICAL BIOEQUIVALENCE VERIFICATION

To quantify the agreement between AlphaFast and the baseline JackHMMER pipeline, we per-
formed a Two One-Sided Test (TOST) as detailed in Section B] Table[S2]presents the comprehensive
results of this assessment on the Accuracy Benchmark set (N = 30).

The analysis confirms that AlphaFast is statistically bioequivalent to the standard pipeline. For input
features, while the heuristic search of MMseqs2 yields a Geometric Mean Ratio (GMR) of 87.1% for
raw MSA depth, the effective sequence count (Neg) is preserved with a GMR of 107.6%, indicating
no loss of evolutionary signal. Consequently, all downstream structural metrics (TM-score, RMSD,
pLDDT, and pTM) fall well within the strict equivalence margins, demonstrating that the speedup is
achieved without compromising modeling accuracy.

Table S2: Bioequivalence Assessment. Input quantity was assessed using Geometric Mean Ra-
tio (GMR) against standard bioequivalence limits (0.80-1.25). Structural fidelity was assessed via
absolute mean difference (A). Note that AlphaFast preserves effective information (Negr) despite
reducing raw depth.

Metric Comparison Metric Equivalence Margin Result
Input Quantity (Log-Ratio TOST)

MSA Depth GMR = 87.1% [0.80,1.25] Equivalent
Nege GMR = 107.6% [0.80,1.25] Equivalent
Output Quality (Absolute Difference TOST)

TM-score A = 40.002 +0.02 Equivalent
RMSD (A) A =0.00 +0.5A Equivalent
pLDDT A =-0.16 +1.0 Equivalent
pTM A = —0.002 +0.02 Equivalent
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Figure S1: Template retrieval performance and structural accuracy under the Stringent
Regime (< 30% Identity). (a) Template retrieval success rate. MMseqs2-GPU shows slightly
reduced sensitivity (23/32) compared to the exhaustive hmmsearch (27/32). (b) Comparison of the
sequence identity of the best template found by each pipeline. Some targets show lower identity
matches with MMseqs2-GPU (below diagonal). (c-f) Structural accuracy comparisons under the
Stringent Regime. Remarkably, despite the reduction in template retrieval performance, MMseqs2-
GPU maintains equivalent TM-score (c), RMSD (d), pLDDT (e), and pTM (f) to the baseline,
demonstrating the robustness of the accelerated pipeline.

B.6 SERVERLESS INFERENCE PERFORMANCE AND COST EFFICIENCY

To ensure broad accessibility for researchers lacking dedicated HPC resources, we evaluated the
cost-effectiveness of deploying AlphaFast on a serverless infrastructure (Modal). We benchmarked
the performance of single-GPU instances—NVIDIA L40S versus NVIDIA H200—processing a
cohort of 512 targets to simulate a production-scale high-throughput workload.

Table [S3| summarizes the latency and cost metrics. When considering the GPU rental rate in iso-
lation, the H200 incurs a slightly higher cost per input ($0.0357) compared to the L40S ($0.0349).
However, because serverless providers bill for the concurrent usage of all provisioned resources
(CPU and RAM), the H200’s superior throughput—reducing average processing time from 64.3s to
28.3s (~ 2.3 x speedup)—Ieads to a significant reduction in auxiliary resource costs.

Consequently, the total cost per input (GPU + CPU + RAM) is lower on the H200 ($0.0385) than
on the L40S ($0.0413). These results demonstrate that high-tier hardware like the H200 provides a
dual advantage for serverless AlphaFast deployment, offering both drastic wall-clock time savings
and superior overall cost efficiency for large-scale inference tasks.

We utilized Modal as the inference provider and calculated costs based on rates at the time of writing
(February 2026).

B.7 CODE AVAILABILITY

The source code for AlphaFast is openly available on GitHub at https://github.com/
RomeroLab/alphafast.
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Table S3: Cost and Performance Comparison of Serverless Deployment (Modal). Benchmarks
were conducted using a cohort of 512 inputs. While the GPU-only cost is marginally higher for the
H200, its 2.3x speedup reduces total system resource consumption, making it the more economical
choice.

Hardware Time/Input GPU Cost Total Cost Total Cost Performance
(s) /Input ($) /Input ($) (512 inputs)

NVIDIA L40S (Single) 64.3 0.0349 0.0413 $21.14 Baseline

NVIDIA H200 (Single) 28.3 0.0357 0.0385 $19.71 2.3x Speedup

B.8 FULL EXPERIMENTAL DATA

The benchmark datasets generated and analyzed during the current study are available in the
Figshare repository, https://doi.org/10.6084/m9.figshare.31343287.
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