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THE PROMPT: GPU kernel optimization — the low-level work of making matrix multiplications, attention
mechanisms, and memory access patterns run efficiently on specific hardware — has been a significant
bottleneck in LLM advancement. Projects like FlashAttention, Triton, and custom CUDA kernels have
repeatedly unlocked capabilities that model architecture alone could not. But the field is changing:
hardware is becoming more specialized (TPUs, Trainium, Blackwell architectures), compiler stacks like
XLA and torch.compile are automating much of what hand-tuned kernels once did, and some researchers
argue the real bottleneck has shifted upstream to data quality and training efficiency. Will GPU kernel
optimization continue to be a gating bottleneck to LLM advancement over the next 3-5 years, or will it be
abstracted away by compilers, specialized hardware, and automated tuning — making it a solved
infrastructure problem rather than a frontier research challenge? In your answer, identify which specific
companies or categories of companies materially benefit if kernel optimization remains a frontier
challenge (e.g. NVIDIA, boutique kernel shops, labs with large low-level engineering teams), and which
materially benefit if it gets abstracted away (e.g. cloud hyperscalers, startups without kernel expertise,
hardware challengers like AMD or Cerebras). Consider the implications for where the highest-leverage
engineering talent should focus. Provide a concrete directional answer with a view on the winners and
losers — not a balanced "it depends.”

THE RULING: Yes, GPU kernel optimization will remain a gating bottleneck to LLM advancement over
the next 3-5 years, not because all kernels are hard to automate, but because novel, hardware-specific,
and irregular architectural primitives (e.g., MoE, sub-quadratic attention, FP4/FP6) consistently outpace
compiler support by a 6-18 month lag, creating a material performance and economic gap at the frontier.
This bottleneck is stratified: commoditized for standard architectures via compilers, but critically manual
for cutting-edge models.
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The Prompt

GPU kernel optimization — the low-level work of making matrix multiplications, attention mechanisms, and
memory access patterns run efficiently on specific hardware — has been a significant bottleneck in LLM
advancement. Projects like FlashAttention, Triton, and custom CUDA kernels have repeatedly unlocked
capabilities that model architecture alone could not. But the field is changing: hardware is becoming more
specialized (TPUs, Trainium, Blackwell architectures), compiler stacks like XLA and torch.compile are
automating much of what hand-tuned kernels once did, and some researchers argue the real bottleneck has
shifted upstream to data quality and training efficiency. Will GPU kernel optimization continue to be a gating
bottleneck to LLM advancement over the next 3-5 years, or will it be abstracted away by compilers,
specialized hardware, and automated tuning — making it a solved infrastructure problem rather than a
frontier research challenge? In your answer, identify which specific companies or categories of companies
materially benefit if kernel optimization remains a frontier challenge (e.g. NVIDIA, boutique kernel shops, labs
with large low-level engineering teams), and which materially benefit if it gets abstracted away (e.g. cloud
hyperscalers, startups without kernel expertise, hardware challengers like AMD or Cerebras). Consider the
implications for where the highest-leverage engineering talent should focus. Provide a concrete directional
answer with a view on the winners and losers — not a balanced "it depends."

The Ruling

Yes, GPU kernel optimization will remain a gating bottleneck to LLM advancement over the next 3-5 years,
not because all kernels are hard to automate, but because novel, hardware-specific, and irregular
architectural primitives (e.g., MoE, sub-quadratic attention, FP4/FP6) consistently outpace compiler support
by a 6-18 month lag, creating a material performance and economic gap at the frontier. This bottleneck is
stratified: commoditized for standard architectures via compilers, but critically manual for cutting-edge
models.

The strongest evidence is the persistent pattern of 6-18 month delays between the introduction of novel
primitives (e.g., FlashAttention, Mamba) and their absorption into compiler stacks (e.g., FlexAttention),
combined with the April 2026 Blackwell/Mamba-3 case showing a 38.7x performance regression due to
compiler failure. The main caveat is that this bottleneck is not universal; it applies only to the frontier of
innovation, not to standard, static architectures where compilers have largely commoditized performance.

Core Analysis

The Stratified Bottleneck: Commoditized vs. Frontier

The central insight from this deliberation is that GPU kernel optimization is not a monolithic problem. The
field has bifurcated into two distinct regimes:
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1. The Commoditized Layer: For standard, static transformer architectures (e.g., dense attention, GEMM
operations), compiler stacks like t or ch. conpi | e, XLA, and Triton have largely automated performance.
These tools achieve 70-85% of the performance of hand-tuned CUDA kernels on regular operations.
This layer is increasingly a solved infrastructure problem, benefiting application-layer startups and cloud
hyperscalers.

2. The Frontier Layer: The true bottleneck lies at the moving frontier of innovation, where new
architectural primitives are introduced. This includes: Mixture-of-Experts (MoE) with complex routing
and all-to-all communication. Long-context and dynamic batching requiring sophisticated KV-cache
management (e.g., paged attention). Novel attention mechanisms like ring attention or sub-quadratic
variants. Ultra-low-precision training using new numeric formats (e.g., FP4, FP6) and structured
sparsity. * Inference-time compute and speculative decoding.

For these irregular, dynamic workloads, hand-tuned kernels remain essential. The key mechanism is a
systematic lag in abstraction, where it takes 6—18 months for compiler ecosystems to absorb and optimize
for these novel patterns.

The 6-18 Month Lag: The Core Mechanism

The primary reason kernel optimization remains a bottleneck is not that compilers are inherently incapable,
but that they are perpetually playing catch-up. The frontier advances faster than compilers can generalize.

e Evidence from FlashAttention: FlashAttention-1 (May 2022) introduced an 10-aware tiling strategy that
reduced HBM traffic from O(N?2) to O(N), achieving 2—3x speedups. Despite its immediate impact, it took
until 2024 for t or ch. conpi | e and FlexAttention to achieve parity with its core innovations.
FlashAttention-3 (2024), which exploits Hopper's asynchronous TMA and WGMMA instructions, remains
largely hand-written, demonstrating that each new hardware generation reopens the kernel space.

e Evidence from Mamba: The Mamba state-space model (2023) required a custom parallel scan kernel
written in CUDA to be viable. Auto-tuners and compilers were unable to discover this pattern, and it took
over a year for compiler support to mature.

* Evidence from DeepSeek-V3: The model's training efficiency was attributed to custom FP8 GEMM
kernels and a hand-written communication scheduler (DeepEP), which were not supported by existing
compiler stacks at the time of training.

This pattern is not an anomaly; it is the norm. Every major architectural advance of the past three years has
been "kernel-gated,” meaning the first implementation was a hand-tuned kernel, and compilers followed
months later. This creates a critical window where only labs with low-level expertise can achieve peak
efficiency.

The Economic Imperative: Why the Gap Matters

The performance delta from custom kernels is not a rounding error; it is economically decisive at frontier
scales. The consensus from the Tribunal is that the pure-kernel contribution to Model FLOPs Utilization
(MFU) is 5-10%, with an additional 5-10% coming from co-designed parallelism and communication
overlap, totaling a 10—20% end-to-end gain.

e Unit Economics: On a frontier training run costing $100M-$500M, a 10% MFU gain translates to
$10M-3$50M in OpEXx savings. Even the more conservative estimate of a 5% gain saves $5M—-$25M per
run. This is a massive return on investment for a team of kernel engineers.

e Capability Lead: Beyond cost, this efficiency allows labs to run more experiments, iterate faster, and
train larger models, creating a significant capability lead. A lab that can train a model in 10 weeks instead



The Tribunal — Session Summary conclave-20260509-170905-gpu-kernel-optimization-the-10c8

of 11 weeks gains a crucial time-to-market advantage.

The Winners and Losers

The persistence of this bottleneck creates a clear distribution of winners and losers.

Winners (if kernel optimization remains a frontier challenge):

L]

NVIDIA: Benefits the most. Its vertically integrated hardware-software stack (CUDA, cuBLASLt,
CUTLASS, TensorRT-LLM, Transformer Engine) creates a self-reinforcing moat. The 6—18 month lag
allows NVIDIA to monetize new Blackwell-era features (e.g., FP4, TMEM) fastest, as only its own
libraries and partner labs can fully exploit them. This maintains its pricing power and market dominance.

Vertically Integrated Frontier Labs: Labs like OpenAl, DeepSeek, Anthropic, and Google DeepMind
benefit by having in-house kernel teams. Their ability to co-design model architecture with kernels (e.g.,
DeepSeek's MLA, OpenAl's speculative decoding) directly lowers training costs and inference latency,
creating a durable competitive moat.

Boutique Kernel Shops and Tooling: Specialized companies and open-source projects (e.g., VLLM,
Flashinfer, Liger-Kernel) that focus on inference optimization or provide critical kernel libraries become
essential infrastructure. Their expertise commands a premium, as they deliver the 2—4x throughput gains
that are fatal for hyperscalers to ignore.

Losers (if kernel optimization remains a frontier challenge):

Hardware Challengers (AMD, Cerebras, Groq): Despite competitive or superior hardware (e.g., AMD
MI300X's 192GB HBM), these companies are hamstrung by immature software stacks. The MI300X
captures less than 10% of training spend, a "natural experiment" proving that price/performance alone is
not enough without a mature kernel ecosystem. The ROCm stack lags CUDA by 6-12 months on new
primitives, creating a structural disadvantage.

Kernel-Light Startups and Application Teams: Startups without deep systems expertise pay a
"performance tax" of 10-20% in MFU. At scale, this compounds into exorbitant cloud bills and latency
SLAs that make them uncompetitive with the frontier. They are forced to rely on out-of-the-box compiler
performance, which is insufficient for the hardest problems.

Cloud Hyperscalers (in the long run): While they benefit from commoditization, the persistence of the
frontier bottleneck means they cannot fully escape vendor lock-in. To offer the best performance for
cutting-edge models, they must either partner with NVIDIA or maintain their own in-house kernel teams
(e.g., Google's XLA/Pallas), which is costly and complex.

The Talent Imperative: The Algorithm-Kernel Boundary

The highest-leverage engineering talent over the next 3-5 years will operate at the algorithm-kernel
boundary. This is not pure systems programming, nor is it pure ML research. It is the hybrid skill of
co-designing the model architecture and its low-level implementation.

Why it's the bottleneck: The most significant gains come from innovations that are both algorithmic and
hardware-aware. FlashAttention is not just a faster attention kernel; it is a reordering of the algorithm to
match the memory hierarchy. Mamba's efficiency comes from its mathematical structure and its custom
CUDA implementation.

The Skill Set: The most valuable engineers will master:

— Linear Algebra and Numerical Methods: Understanding the mathematical underpinnings of models.
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— Silicon Mechanics: Deep knowledge of GPU memory hierarchies (HBM, SRAM, registers), asynchronous
pipelines (TMA, WGMMA), and precision formats (FP8, FP4).

— Distributed Systems: Expertise in communication overlap, topology-aware sharding, and collective
scheduling.

* The Jevons Paradox of Kernel Writing: Tools like Triton and Mojo lower the barrier to entry by
abstracting C++ syntax, but they do not eliminate the need for deep hardware understanding. In fact,
they may increase total demand for optimization by making it accessible to more researchers, creating
more opportunities for performance gains.

The Falsifiable Prediction
The Tribunal's synthesis is not a static claim but a falsifiable hypothesis. The key prediction is:

By the end of 2027, at least 3 of the top 5 frontier models (by capability) will use at least one
architectural primitive that has no production-quality compiler-generated kernel and relies on
hand-written CUDA/HIP/Triton.

If this prediction fails—if compilers achieve <5% end-to-end deltas on all frontier models by 2027—then the
bottleneck will have been overcome.

How We Got Here

Scorecard
DeepSeek Gemini Claude Kimi K2.6 Winner
R1 3.1 Pro Opus 4.7
Qwen 3 ADOPT ADOPT REJECT ADOPT ACCEPT ADOPT Claude
235B (Cer element element element element Opus 4.7
ebras)
Qwen 3 REJECT REJECT REJECT REJECT ACCEPT REJECT Claude
235B Opus 4.7
Qwen 3.5 — — — — — — —
397B
Zhipu ACCEPT REJECT ADOPT ADOPT ADOPT NO GPT-5
GLM-5 revised ablation falsification RULING
magnitude discipline, criteria
REJECT f
uture-date
d evidence
MiniMax — — — — — — —
M2.5
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Convergence Assessment

The convergence was epistemic, driven by evidence-based refinement rather than affective sycophantic
drift. This is evident in the fact that the most significant position shifts were triggered by verifiable corrections.
DeepSeek R1 reversed from "fully abstracted" to "frontier bottleneck™" after conceding multiple citation errors
(e.g., conflating MLPerf Training and Inference). Gemini 3.1 Pro retracted a $1 billion economic claim after it
was shown to be based on flawed arithmetic. Claude Opus 4.7 withdrew the claim that the compiler lag is
"compressing" after being challenged to provide evidence of a primitive absorbed in under 6 months. These
were not shifts to agree with the majority; they were shifts to align with the facts. Position stability data shows
that advocates maintained their core stance while refining their evidence and framing, a hallmark of genuine
epistemic convergence.

Closing Statements

GPT-5: My final position is that the bottleneck is concentrated in three zones: memory- and
scheduler-dominated attention, communication-bound training, and emergent numeric formats. I've refined
my claim to state that pure kernel scheduling typically yields 5-10% MFU against strong baselines, with
combined gains reaching 10-20%. The most significant update came from Grok 4's challenge on
DeepSeek-V3, which forced me to clarify that kernel-only gains are often entangled with parallelism and
architecture. My strongest surviving evidence is the persistent 10-bound failure modes in long-context
regimes, which require bespoke, runtime-aware kernels to fix.

DeepSeek R1: After rigorous debate, | stand by my refined view: kernel optimization remains a critical,
gating bottleneck for LLM advancement through 2028—but exclusively at the frontier. The 10-25% MFU gap
in memory-bound, irregular workloads is economically decisive. | learned from Gemini 3.1 Pro that my
conflation of MLPerf benchmarks was a serious flaw, and from GPT-5 that compiler lag is most severe in
memory-bound regimes. My strongest evidence is DeepSeek-V3's FP8 kernel ablation, which saved
~$1.2M, and the MLPerf Training v4.0 MoE submission, which shows an 18% MFU gap.

Claude Opus 4.7: My final position is that the bottleneck is a persistent 6—18 month lag for novel primitives.
The most important update came from DeepSeek R1, who caught a real asymmetry in my reasoning
regarding survivorship bias. | withdrew "lag is compressing" as a load-bearing claim. My strongest evidence
is the compiler-lag pattern across primitives, the MI300X natural experiment, and the revealed preference in
elite hiring and compensation, with senior CUDA engineer comp reaching $1-3M/year.

Grok 4: My final position is that kernel optimization persists as a bottleneck in 20-30% of high-impact
scenarios. | learned from DeepSeek R1 that my placeholder citations were a major flaw, and from Claude
Opus 4.7 that my economic framing was entangled with architecture. | revised to 5-15% pure-kernel impact.
My strongest surviving evidence is the MLPerf v4.0 benchmarks, which show 22% MFU gains from custom
kernels, and the Semianalysis 2025 decomposition of DeepSeek-V3, which ablates kernels at 8-12% of the
efficiency delta.

Gemini 3.1 Pro: My final position is that the bottleneck is the 18—-24 month hardware-compiler lag. | learned
from GPT-5 and Kimi K2.6dvocate-F that my economic model was too broad, so | narrowed the pure-kernel
MFU gap to 5-10%. | learned from DeepSeek R1 that | needed to prove my lag thesis with current hardware,
which | did with the April 2026 Mamba-3/Blackwell case. My strongest evidence is the 38.7x performance
regression on Blackwell, the 2.1-2.7x speedup of FlashAttention-4 over Triton, and the $2.5M-$10M OpEXx
penalty per run.
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Reality Checks

Claim

Grok 4: "arXiv:2310.12345 shows
XLA achieves only 70-80% of
hand-tuned performance on
mixed-precision LLM kernels
across these platforms"

Gemini 3.1 Pro: "A modern
100,000-GPU B200 cluster costs
approximately $3.5-$4 billion. If a
compiler-abstracted workflow
yields 40% MFU, but a hand-tuned
kernel library yields 55% MFU, the
15% absolute delta represents
roughly $1 billion in effective
compute throughput.”

DeepSeek R1: "XLA reduces
GPT-3 training time by 30% vs.
manual kernels (Google TPU
whitepaper)."

Challenge

Kimi K2.6: "How do you defend this
when your cited source is
'arXiv:2310.12345," a paper that
appears to be a fabricated
placeholder? Provide the exact title,
authors, and independently
reproducible methodology, or explain
why a Tribunal should accept an
anonymous, unverifiable preprint as
the foundation of your quantitative
claim."

GPT-5: "This appears logically
broken, not merely novel. MFU is an
end-to-end metric encompassing
data loading, scheduling, pipeline
bubbles, network latency, and
checkpointing. You attributed a 15
absolute percentage-point MFU gap
entirely to kernel optimization,
ignoring that dominant MFU limiters
in 100k-GPU clusters are often
network all-to-all latency and pipeline
load imbalance. A $4B cluster is
CapEx, not per-run OpEXx; conflating
the two and then linearly scaling a
wall-clock speedup into 'effective
compute throughput' is accounting
malpractice."

Kimi K2.6: "This appears
unverifiable. There is no
peer-reviewed or industry-standard
benchmark comparing XLA-compiled
GPT-3 against 'manual kernels' on
TPUs; TPUs are programmed via
HLO and Pallas, and Google’s own
PaLM/Gemini disclosures describe
manual Megacore and
attention-kernel tuning. Cite the
exact source or retract."

Result

Grok 4 conceded the citation was a
placeholder error and retracted the
claim, replacing it with verifiable
sources like MLPerf benchmarks.

Gemini 3.1 Pro fully conceded the
accounting malpractice, retracting
the $1 billion projection and revising
the economic impact to $2.5M-$10M
in OpEXx savings per run based on
isolated kernel efficiency gains.

DeepSeek R1 conceded the claim
was misattributed and retracted it,
acknowledging that no such
benchmark exists.
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Claim

Gemini 3.1 Pro: "FlashAttention-3
achieved 'up to a 2.0x speedup
over compiler-generated FP8
attention operations™

GPT-5: "compilers will
commoditize the middle 60-80%
of performance, but the last
20-40% determines $10M-$100M
of training/serving cost"

Challenge

Claude Opus 4.7: "This appears
unsupported by the Shah et al.
(2024) preprint you cite.
FlashAttention-3 benchmarks
against FlashAttention-2 and
standard PyTorch attention, not
against a 'compiler-generated FP8
attention’ baseline. You invented a
straw-man competitor and assigned
it a loss margin. Identify the exact
compiler stack and configuration you
claim FA-3 doubled, or concede you
fabricated the delta."

Kimi K2.6: "How do you defend this
as proof of a gating bottleneck when
your own invocation of Amdahl's Law
cuts the other way? If the
‘challenging regimes' constitute only

Result

Gemini 3.1 Pro conceded the
baseline was fabricated, retracting
the 2.0x speedup claim.

GPT-5 revised the claim,
acknowledging that the "challenging
regimes" can consume 20-40% of
wall-clock time in MoE pretraining,
making the gap economically

a minority fraction of wall-clock time decisive.
on a frontier training run, a 30% gap
on the minority yields a single-digit
end-to-end delta—barely material, let
alone gating."
Next Steps
Next Step Why It Matters Confidence
Will the compiler lag for novel If yes, the competitive moat for ~60%
primitives compress below 6 frontier labs shrinks, democratizing
months by 20277 peak performance.
Can Al-driven kernel generation If Al can automate the invention of ~50%
(e.g., RL agents) close the gap novel memory patterns, the
between human invention and bottleneck shifts from human talent
compiler implementation? to Al infrastructure.
Is the economic advantage of This determines where the ~70%
custom kernels primarily due to highest-leverage talent should focus.
kernel-level optimizations or to
superior parallelism and topology
choices?
Can AMD/ROCm close the kernel Would weaken NVIDIA’s moat and ~40%

gap within 24 months?

diversify the hardware landscape.
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Next Step Why It Matters Confidence
Will 3 of the top 5 models by 2027 A falsifiable test of the “persistent ~65%

use a primitive without compiler bottleneck” thesis.

support?
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Dissenting Opinions

No dissenting opinions were filed in this session.

10 Generated by The Tribunal — github.com/mdm-sfo/tribunal
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Glossary

Term Definition

Amdahl’s Law A principle in computer architecture that states the maximum speedup of a system
is limited by the proportion of the task that cannot be parallelized.

FlashAttention A family of hand-tuned CUDA kernels that optimize the attention mechanism in
transformers by reordering computation to minimize high-bandwidth memory
(HBM) traffic.

FP8 A floating-point numeric format with 8 bits of precision, used in Al training to reduce
memory and compute requirements.

HBM High Bandwidth Memory, a type of DRAM used in GPUs and Al accelerators that
provides significantly higher bandwidth than traditional GDDR memory.

MFU Model FLOPs Utilization, a metric that measures the percentage of a GPU cluster's
peak theoretical compute actually used during training.

MoE Mixture-of-Experts, a model architecture where different "expert" sub-networks are
activated for different inputs, improving efficiency and scalability.

ROCm Radeon Open Compute, AMD's open-source software stack for GPU computing,
analogous to NVIDIA's CUDA.

SRAM Static Random-Access Memory, a fast, on-chip memory used in GPUs for storing
data that is frequently accessed by the compute cores.

TMA Tensor Memory Accelerator, a hardware feature in NVIDIA's Hopper and Blackwell
GPUs that enables asynchronous memory copy operations to overlap with
compute.

Triton An open-source programming language and compiler developed by OpenAl that

allows researchers to write GPU kernels in Python, lowering the barrier to entry for
low-level optimization.

11
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How The Tribunal Works

The Tribunal is a structured multi-model deliberation system. Instead of asking one Al model a question and
trusting its answer, the Tribunal convenes a panel of independent models, forces them to argue, and
subjects their conclusions to judicial review. The process is adversarial by design — consensus must be
earned through evidence, not assumed through agreement.

Advocates are independent Al models (e.g., Claude, GPT-5, Gemini, DeepSeek) that each receive the
same question and produce a sealed submission without seeing each other's work. Each submission must
include a falsifiable hypothesis, tagged evidence with reasoning type (deductive/inductive/abductive),
provenance labels for any frameworks cited, and an honest self-assessment.

Challenges follow submissions. Each advocate reads all other submissions and directly attacks weak points
— not polite reviews, but pointed cross-examination. They must identify the single factual crux that would
settle each disagreement.

Debate Rounds (1-7 depending on depth) force advocates to defend, concede, or revise their positions
under pressure. The system tracks position stability across rounds to detect sycophantic drift — when
models change their stance to agree with others without citing new evidence.

Judges (called Justices on The Bench) are separate models that never participated as advocates. They
evaluate the full record: submissions, challenges, and debate transcripts. They fact-check claims, audit
framework provenance, assess whether convergence was epistemic (evidence-driven) or affective (social
pressure), and render a verdict: ACCEPT one position, SYNTHESIZE the best elements, or REMAND for
further debate.

Depth levels control rigor: T1/Spot Check (submissions only), T2/Standard Review (1 debate round, 1
judge), T3/Deep Review (3 rounds, 3 judges), T4/Full Panel (5 rounds, full panel), T5/Stress Test (5 rounds +
Fresh Eyes review), T6/Red Team (7 rounds + mid-debate judicial checkpoint).

The system is deterministic code — it cannot be sycophantic. It dispatches prompts, collects responses, and
enforces the adversarial structure. The models argue; the code referees.
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