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Abstract

Al inference infrastructure is increasingly tuned for one
workload shape: dense, large-batch, NVIDIA-resident trans-
former decoding for LLMs. Biological foundation models,
including protein language models, long-context genomic
transformers, and structure-conditioned binders, do not fit
that shape. They run at small batch sizes over short alphabets,
attend over 100K+ token sequences, mix transformer blocks
with geometric ops, and are increasingly deployed on what-
ever GPU is available, including AMD MI300X. We report
a measurement study of six widely used biological models
(ESM-2, ProtBERT, ProteinMPNN, AlphaGenome, Enformer,
DualBind) on three GPUs spanning two vendors (NVIDIA
L4, H100; AMD MI300X). We show that 60-80% of reference-
implementation runtime is spent outside dense compute (in
memory-bound element-wise ops, fragmented launches, and
in one case a host-device round-trip the upstream code never
removed), and that a single Triton kernel source tree closes
most of the gap on both vendors without per-vendor forks.
The results surface three infrastructure observations: (i) the
dominant bottlenecks on bio workloads are different from
those LLM stacks are tuned for; (ii) vendor-stack asymme-
tries amplify trivial systems bugs into order-of-magnitude
regressions; and (iii) write-once cross-vendor portability for
non-LLM Al workloads is achievable today with off-the-shelf
compiler infrastructure.

1 Introduction

The dominant assumption shaping Al infrastructure today is
that the workload is an LLM. Serving stacks, kernel libraries,
scheduler heuristics, and vendor performance teams all opti-
mize for dense decoder transformers running at large batch
sizes on NVIDIA GPUs [3, 8]. That assumption is increas-
ingly wrong for an important and rapidly growing class of
deployments: biological foundation models.

These workloads, which include protein language models
such as ESM-2 and ProtBERT [5, 6], structure-to-sequence
generators like ProteinMPNN [4], long-context genomic
transformers such as Enformer and AlphaGenome [1, 2],
and structure-conditioned binders like DualBind [7], are the
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AlphaFold-era backbone of drug discovery and protein en-
gineering pipelines. They are also, from an infrastructure
point of view, not LLMs: alphabet sizes are 4-20 tokens rather
than 100K+; sequence lengths reach 196K nucleotides; de-
ployments run at small batch sizes because each sample is
biologically distinct; and the compute is interleaved with
non-transformer ops (radial basis functions, virtual-atom
geometry, distance matrices). The deployment hardware is
also more diverse: bio labs increasingly run on whatever ac-
celerator is available, including AMD MI300X for its 192 GB
of unified HBM3.

This paper asks a simple infrastructure question: what
does it cost to serve bio foundation models on today’s stack,
and where does the cost come from? We answer it by port-
ing six widely used bio models to fused Triton kernels and
measuring them on NVIDIA L4, H100, and AMD MI300X.
Our findings reframe the bio-inference problem as a systems-
infrastructure problem with three concrete observations.

Observation 1: bio workloads stress different bottle-
necks than LLM-tuned stacks were built for. We measure
60-80% of reference-implementation runtime in memory-
bound element-wise ops, fragmented kernel launches, and
small-batch overhead, not in dense matmul. Vendor LLM ker-
nels do not target these paths because LLM serving amortizes
them over much larger batches and longer decode loops.

Observation 2: vendor-stack asymmetry amplifies
trivial systems bugs. Our most dramatic measured speedup
(38.8x on DualBind, AMD MI300X) is not a kernel-engineering
win. It comes from removing a per-sample host-device round-
trip in the upstream reference implementation. The same fix
on H100 yields only 4.2, because NVIDIA’s PCle path and
prefetcher hide the overhead. This is not a bio anomaly: it
is what happens when the reference implementation was
written and tuned on one vendor’s stack and deployed on
another’s.

Observation 3: write-once cross-vendor portability
for non-LLM Al workloads is achievable today. We write
a single Triton kernel source tree and run it unmodified on
L4, H100, and MI300X. Across six bio models we measure
speedups of 1.51x—-43.1X over the reference implementations,
with cosine similarity > 0.99999 to the baseline outputs.

We frame this as an infrastructure paper rather than an
ML one. The contribution is not new models or new fused-
attention algorithms; it is the measurement that today’s Al
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infrastructure has a workload shape it was not built for, that
the gap is large, and that the cost to close it is much lower
than the field assumes.

2 Why Bio Workloads Are Different

We profile the reference PyTorch implementations of all six
models with the PyTorch profiler and rocprof/nsys on the
respective vendor stacks. Across the six, three workload
properties recur and together explain why LLM-tuned in-
frastructure underserves them.

Small alphabets, large activations. Protein models to-
kenize over 20 amino acids; genomic models over 4-5 nu-
cleotides. Embedding and unembedding kernels in stock
implementations are written as general GEMMs over the full
vocabulary. For ESM-2 this means embedding lookup and the
final projection together consume a measurable fraction of
forward-pass time despite the trivial vocabulary. LLM-tuned
kernels are specialized for 50K+ vocabularies in the opposite
direction (large matmul, custom sampling); they leave the
small-vocabulary case unoptimized.

Very long sequences at batch size one. Enformer ac-
cepts 196K-base genomic inputs; AlphaGenome attends across
genomic windows that exceed typical LLM context. Bio de-
ployments rarely batch these because the next sample is a
different gene. The result: attention is memory-bandwidth-
bound rather than compute-bound, and the standard NVIDIA
FlashAttention tile sizes (tuned for shorter contexts and
larger batches) do not fit the activation footprint. We mea-
sured the default attention path stalling on shared-memory
pressure on H100 at 196K tokens.

Non-transformer compute on the critical path. Pro-
teinMPNN’s runtime is dominated not by attention but by
radial-basis-function distance encoding, virtual-C4 computa-
tion, and pairwise distance matrices over residues. DualBind
interleaves a binding-energy computation between trans-
former passes. These ops are not present in LLM serving
stacks at all, so vendor optimization effort never reaches
them. They show up in our profiles as long sequences of small
launches, exactly the launch-overhead-dominated regime
LLM kernels are designed to avoid by having no such gaps
in the first place.

Together, these three properties move the bottleneck off
the dense GEMM path that vendor libraries are tuned for, and
onto a combination of memory-bound elementwise work,
atypical attention shapes, and non-transformer compute.
This is the workload shape mismatch we quantify next.

3 Measurement Setup

Hardware. NVIDIA L4 (24 GB GDDR6), NVIDIA H100 SXM
80 GB HBM3, AMD Instinct MI300X (192 GB HBM3, VF
partition with 205.8 GB visible). All three are widely deployed
in bio-ML clusters today.
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Baselines. For each model, the baseline is the official
Hugging Face or vendor-released PyTorch implementation,
run on the respective vendor’s current stack (CUDA 12.x with
cuDNN/PyTorch 2.x on NVIDIA; ROCm 6.x with PyTorch 2.x
on AMD). For Enformer we use the widely cited Lucidrains
PyTorch port at the full 196K-base length.

Kernel implementation. A single Triton [8] source tree,
no per-vendor forks. Mixed precision (FP16/BF16) with selec-
tive FP32 accumulators for softmax and LayerNorm statistics.

Fidelity gate. Every kernel must achieve either (i) cosine
similarity > 0.99999 to the baseline output, (ii) exact-match
top-1 discrete predictions, or (iii) zero numerical difference
to 6 decimal places. Kernels that fail this gate are excluded.

4 Findings

Table 1. Per-model headline measurements. Speedup is over
the reference PyTorch implementation on the listed GPU.
Fidelity is the metric used to gate kernel inclusion (see §3).

Model Hardware Speedup Fidelity
ESM-2 (8M) NVIDIA L4 43.1X cos. >0.99999
ProtBERT AMD MI300X  3.6X top-1 exact (12/12)
ProteinMPNN  NVIDIA L4 1.51x exact sequence
AlphaGenome NVIDIA H100 5.05X cos. 0.99999997
Enformer NVIDIA H100 1.82X cos. 0.99999825
Enformer AMD MI300X 1.43x c0s. 0.99999967
DualBind AMD MI300X 38.8% exact (6-dec)
DualBind NVIDIA H100 4.22X exact (6-dec)

Headline numbers. Table 1 reports per-model results. The
range (1.51x-43.1X) is wide and the source of the wins differs
by regime; we unpack three.

4.1 Regime A: memory-bound, fusion-shaped (Meta
ESM-2, ProtBERT, Google DeepMind
AlphaGenome)

For the three transformer-heavy models, the wins (43.1X,
3.6X%, 5.05X) come from fusing QKV projection, bias, and post-
attention LayerNorm into a single kernel, plus a FlashAttention-
style attention path. The largest ESM-2 win (74.7X on long
sequences) coincides with the regime where the baseline
activation no longer fits in cache and IO0-aware tiling pays
off most. The pattern is well known in LLM serving; the
infrastructure finding is that on bio inputs (short alphabet,
small batch, mixed sequence lengths) it is not on by default
in the reference implementations practitioners run, and the
gap is order-of-magnitude.

4.2 Regime B: non-transformer geometric compute

(ProteinMPNN)

ProteinMPNN’s 1.51X is the smallest win in Table 1 and the
most informative one. The model spends most of its time in
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RBF distance encoding and virtual-Cg geometry: ops with no
vendor library equivalent, so the ceiling is set by what a hand-
written fused kernel can do. The infrastructure implication:
as bio models move further from the transformer template,
the headroom available to general-purpose Al infrastructure
shrinks sharply.

4.3 Regime C: systems bugs amplified by vendor
asymmetry (Nvidia DualBind)

The DualBind result is the most important one for this au-
dience, and the one most likely to be misread without care.
The 38.8X on MI300X is not driven by a more aggressive
kernel than the H100 path: the kernel files are identical be-
tween vendors. During profiling we found the upstream
DualBind reference was not GPU-resident end-to-end. It per-
formed a per-sample host-device round-trip between the
transformer pass and the binding-energy computation. On
H100, NVIDIA’s PCle controller, unified-memory prefetcher,
and CUDA runtime mask much of this cost (the same base-
line runs at 4.22x headroom). On MI300X the round-trip is
exposed, and 800 samples take 41.3 s instead of 1.06 s.

We flag this explicitly rather than burying it because it is
the central infrastructure lesson. The same upstream code can
have order-of-magnitude different performance on different
vendors not because the hardware differs by 10x but because
the host—device path differs by 10x in how forgivingly it hides
bad code. Bio reference implementations are overwhelmingly
developed on NVIDIA; when deployed on AMD, latent sys-
tems bugs become first-order. A fused, GPU-resident kernel
masks this on both vendors and brings them within ~1.4x
of each other in absolute throughput.

4.4 Cross-vendor portability, measured

The Enformer row pair in Table 1 is the cleanest portabil-
ity evidence. We run the same Triton source files on H100
and MI300X at the full 196K-base sequence length, 25 trials
per platform. Absolute baseline times are 0.933 s (H100) and
1.611 s (AMD); optimized times are 0.513 s and 1.125 s. Same
source files, no ifdefs, no per-vendor tiles. The speedup asym-
metry (1.82X vs. 1.43X) is a property of the baseline: H100
is slower in absolute terms but had less of the unfused over-
head our kernel removes, leaving less relative headroom. We
treat this as a representative result for what write-once cross-
vendor performance looks like on a non-LLM AI workload
today: not identical speedups, but the same kernel running,
with measurable wins, on both vendors.

5 Discussion

Implications for Al infrastructure. The dominant opti-
mization effort in Al infrastructure today targets a narrow
slice: large-batch LLM decoding on NVIDIA. The measure-
ments in §4 suggest the non-LLM tail leaves large headroom
on the table (orders of magnitude in our worst case) at low
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closure cost (a researcher-engineer-month per model in Tri-
ton, no per-vendor forks). Infrastructure planning that as-
sumes “vendor libraries handle it” silently overpays on a
growing fraction of real deployments.

Implications for AMD-as-a-second-source. The Du-
alBind result cuts both ways. The 38.8x AMD speedup is
not evidence MI300X underperforms: it is evidence that a
baseline written on NVIDIA had a latent bug NVIDIA’s stack
happened to hide. But the bug is real, and teams adopting
AMD for bio workloads should expect to find more like it. A
Triton-based kernel layer brings cross-vendor parity much
closer than reference-implementation numbers suggest.

Limitations. Our six-model selection is biased toward
transformer-derived architectures; structure-prediction mod-

els with iterative refinement (AlphaFold, ESMFold) and diffusion-

based designers are absent and likely have different bottle-
neck profiles. We benchmark single-GPU inference; multi-
GPU sharding and tensor parallelism, which dominate pro-
duction bio pipelines at scale, are out of scope. All measure-
ments are inference-only; training-time portability across
vendors remains open.

Open questions for the workshop. Should bio inference
be a first-class workload class in serving stacks, or is the right
layer a portable kernel IR? Are vendor-asymmetric systems
bugs of the DualBind kind common across other non-LLM
Al workloads (climate, materials, medical imaging)?

6 Related Work

FlashAttention [3] established IO-aware attention on NVIDIA,
but it is not on by default in the bio reference implementa-
tions we measured. Triton [8] provides the cross-vendor ker-
nel substrate we rely on; recent ROCm releases extend Triton

to AMD. Bio acceleration work to date has targeted single

models [4, 6]; we contribute a cross-model, cross-vendor

measurement study framed as a systems infrastructure ques-
tion. Vendor performance asymmetry has been studied for

HPC training; the inference-time asymmetry we observe on

real bio code has received less attention.

7 Conclusion

We measured six biological foundation models on three GPUs
across two vendors using a single Triton source tree. Bio
workloads stress parts of the Al stack that LLM-tuned li-
braries leave alone; vendor-stack asymmetries turn latent
systems bugs into order-of-magnitude regressions when bio
code crosses vendors; write-once cross-vendor portability for
non-LLM Al is achievable today with off-the-shelf compiler
infrastructure.
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