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THE PROMPT: Over the next 36 months, will GPU kernel optimization remain a gating constraint on

frontier LLM capability gains — measured specifically as improvements in benchmark performance per

dollar of training compute — or will it collapse into solved infrastructure? Assign rough probabilities to

three scenarios and commit to a base case: 1. Kernel work remains a frontier research challenge where

hand-tuned optimization continues to unlock capability gains unreachable by compilers alone. 2. Partially

abstracted: compilers and automated tuning handle 80% of cases, but a shrinking frontier of novel

architectures and hardware still requires expert kernel work. 3. Fully solved: compilers, specialized

hardware, and automated tuning render hand-tuned kernel work commercially irrelevant outside narrow

edge cases. In your base case, name a long/short pair trade: - One private company under $1B valuation

(seed through Series B) that materially wins. Provide a defensible thesis for why. Exclude Modular,

Together AI, Fireworks, MatX, and any company whose primary product is a foundation model. - One

public or late-stage private name that materially loses, with a specific mechanism of value destruction

(margin compression, displaced moat, stranded capex, etc.). Then name 2–3 additional under-the-radar

private companies (same size constraint, same exclusions) with a one-sentence thesis each. State the

single observation or data point in the next 12 months that would flip your base case to a different

scenario. Be specific — a benchmark result, a product release, a financial disclosure, an open-source

milestone. "If the trend continues" does not count. Conclude with a concrete recommendation for a senior

infrastructure engineer currently choosing between three paths: (a) joining a kernel-focused startup, (b)

joining a compiler or runtime team at a hyperscaler or chip company, or (c) moving to a data quality or

training efficiency role at a frontier lab. Pick one and defend it. Do not provide a balanced "it depends"

answer. Commit to a position. ---

THE RULING: GPU kernel optimization will remain a gating constraint on frontier LLM capability
gains over the next 36 months, but it will partially collapse into solved infrastructure — making
Scenario 2 the base case.
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The Prompt

Over the next 36 months, will GPU kernel optimization remain a gating constraint on frontier LLM capability

gains — measured specifically as improvements in benchmark performance per dollar of training compute —

or will it collapse into solved infrastructure? Assign rough probabilities to three scenarios and commit to a

base case: 1. Kernel work remains a frontier research challenge where hand-tuned optimization continues to

unlock capability gains unreachable by compilers alone. 2. Partially abstracted: compilers and automated

tuning handle 80% of cases, but a shrinking frontier of novel architectures and hardware still requires expert

kernel work. 3. Fully solved: compilers, specialized hardware, and automated tuning render hand-tuned

kernel work commercially irrelevant outside narrow edge cases. In your base case, name a long/short pair

trade: - One private company under $1B valuation (seed through Series B) that materially wins. Provide a

defensible thesis for why. Exclude Modular, Together AI, Fireworks, MatX, and any company whose primary

product is a foundation model. - One public or late-stage private name that materially loses, with a specific

mechanism of value destruction (margin compression, displaced moat, stranded capex, etc.). Then name

2–3 additional under-the-radar private companies (same size constraint, same exclusions) with a

one-sentence thesis each. State the single observation or data point in the next 12 months that would flip

your base case to a different scenario. Be specific — a benchmark result, a product release, a financial

disclosure, an open-source milestone. "If the trend continues" does not count. Conclude with a concrete

recommendation for a senior infrastructure engineer currently choosing between three paths: (a) joining a

kernel-focused startup, (b) joining a compiler or runtime team at a hyperscaler or chip company, or (c)

moving to a data quality or training efficiency role at a frontier lab. Pick one and defend it. Do not provide a

balanced "it depends" answer. Commit to a position. ---

The Ruling

GPU kernel optimization will remain a gating constraint on frontier LLM capability gains over the next
36 months, but it will partially collapse into solved infrastructure — making Scenario 2 the base case.

The majority of evidence and reasoning from the deliberation supports a bifurcated future: compilers like

PyTorch torch.compile, Triton, and Hidet will industrialize approximately 80% of standard operations,

making hand-tuned kernels commercially irrelevant for the mainstream. However, a persistent and

economically critical frontier — encompassing novel hardware features (FP4, TMA), irregular architectures

(MoE, MLA), and distributed compute-communication fusion — will continue to require expert human

intervention to unlock the marginal capability gains that define the frontier. This frontier resists automation

due to a structural lag of 12–18 months between hardware innovation and compiler maturity, during which

expert teams achieve 15–20% improvements in $/token efficiency. These gains are material at scale,

preserving the value of kernel specialists.

The strongest evidence for this is the consistent pattern across multiple advocates and judges: human-led

innovations like FlashAttention-3 deliver step-function gains first, and compilers absorb them later. The fact

that all five participating advocates converged on Scenario 2, despite different starting points and evidence,

indicates a genuine epistemic consensus. The uniform career recommendation to join a compiler/runtime

team further underscores that the leverage lies in building the abstraction layer, not just operating within it.
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The main caveat is the rapid progress in agentic kernel generation. If LLM agents can autonomously

generate high-quality kernels for novel ops like FP4 attention without human-designed search spaces, the

expert frontier could collapse faster than expected, shifting the balance toward Scenario 3.

Core Analysis

The Base Case: Scenario 2 (Partially Abstracted) — 65% Probability

The consensus across all five advocates is that Scenario 2 — partially abstracted — is the most likely future

for GPU kernel optimization over the next 36 months. The probability range spans 55–75%, with a

synthesized midpoint of 65%, reflecting strong agreement that while compiler stacks are industrializing the

majority of kernel optimization, a non-trivial and economically critical frontier remains where human experts

outperform automation.

This frontier is not static. It shifts with hardware and algorithmic innovation: new data types (FP4, MX

formats), architectural changes (MLA, fine-grained MoE), and distributed training bottlenecks (all-to-all

communication, topology-aware overlap) consistently outpace compiler maturity. Historical evidence shows a

12–18 month lag between the introduction of novel hardware features (e.g., FP8, TMA) and full compiler

support, during which expert teams achieve 15–20% gains in $/token efficiency over stock tooling. These

gains are material at scale, preserving the economic premium for kernel specialists.

The mechanism is best described as "experts lead, compilers absorb": frontier labs and kernel-focused

startups pioneer optimizations for new regimes; once proven, these patterns are codified into compiler

passes and DSLs (e.g., Triton, Hidet), commoditizing the solution. This cycle ensures that while the breadth

of manual work shrinks, its strategic value in unlocking first-mover advantage remains high.

Long/Short Pair Trade

Long: CentML (Private, <$1B, Seed-Series B)

CentML’s Hidet compiler bridges the gap between full automation and expert control. It enables automatic

kernel generation while allowing insertion of hand-tuned PTX for critical ops—precisely the hybrid model

needed in Scenario 2. Unlike pure automation bets (e.g., tinygrad), CentML monetizes the 80% commodity

layer without assuming the expert frontier collapses. Customer case studies (e.g., FuriosaAI, AMD) show

Hidet closing 90–95% of the gap to vendor libraries on FP8 GEMM and attention, with minimal engineering

overhead. This positions CentML to capture revenue from both hyperscalers seeking efficiency and

non-NVIDIA vendors (AMD, Intel) needing competitive kernel performance.
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Short: Cerebras Systems

Cerebras’ business model relies on a moat built around wafer-scale integration and proprietary software for

distributed training. However, its software stack lags significantly on modern attention kernels (e.g.,

FlashAttention-3) and MoE routing, with MLPerf submissions showing 30–40% lower MFU than GPU-based

stacks. As compiler-driven GPU optimization narrows the per-dollar performance gap, Cerebras’ hardware

advantage is eroded. The company faces margin compression as customers opt for cheaper, more flexible

GPU clusters with superior software support. Additionally, its high fixed R&D costs and limited customer

base create stranded capex risk if adoption stalls.

Additional Under-the-Radar Private Companies

1. Luminal AI: Wins by enabling cross-vendor kernel portability, allowing models trained on NVIDIA to run
efficiently on AMD/Intel without re-optimization—critical as non-CUDA ecosystems grow.

2. Unsloth: Delivers 2–3× faster fine-tuning via optimized attention and MoE kernels, targeting the growing
market for cost-efficient customization of open models.

3. Blaize: Focuses on sparse compute and edge inference kernels, where compiler automation still
struggles with irregular memory access patterns.

Flip Signal to Scenario 3 (Fully Solved)

The base case shifts to Scenario 3 if, within the next 12 months, a public PyTorch torch.compile stack
(no custom kernels) achieves ≥95% of FlashAttention-3 throughput on Hopper FP8 and Blackwell
FP4 across a standard shape grid (e.g., 32k seq len, 8k dim). This benchmark would demonstrate that

compiler automation has closed the performance gap on the most demanding frontier ops, collapsing the

economic rationale for expert kernel work outside narrow niches.

This signal is specific, falsifiable, and directly tied to the core uncertainty: whether compilers can absorb

novel ops as fast as they emerge. Multiple judges (GPT-5, Claude Opus 4.7, Gemini 3.1 Pro, Grok 4)

proposed variants of this condition, confirming its centrality.

Career Recommendation

A senior infrastructure engineer should join a compiler or runtime team at a hyperscaler or chip
company (path b).

This path offers the highest leverage under Scenario 2. Compiler teams sit at the intersection of hardware

innovation and software abstraction, enabling engineers to influence both the 80% commodity layer and the

tooling used by expert teams on the frontier. At hyperscalers (Google, Meta, Microsoft) or chip vendors

(AMD, Intel), these roles have direct access to next-gen hardware and large-scale training workloads,

allowing them to shape the absorption of new primitives into automated tooling. In contrast:

• Joining a kernel-focused startup (path a) carries high risk if the frontier shrinks faster than expected
(Scenario 3).

• Moving to data quality or training efficiency at a frontier lab (path c), while valuable, is less directly
tied to the core compute bottleneck identified in the deliberation.

The uniformity of this recommendation across all advocates—despite disagreements on other

points—reflects a genuine epistemic convergence: the future belongs to those who build the abstractions,

not just those who operate within them.
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How We Got Here

Scorecard

Judge GPT-5 Gemini
3.1 Pro

Claude
Opus 4.7

Grok 4 DeepSeek
R1

Kimi K2.6 Winner

GPT-OSS
120B

ADOPT ADOPT REJECT REJECT REJECT REJECT GPT-5

Qwen 3
235B (Cer
ebras)

ADOPT ADOPT ADOPT REJECT REJECT ADOPT GPT-5

Qwen 3.5
397B

ADOPT REJECT REJECT REJECT REJECT REJECT GPT-5

Zhipu
GLM-5

PARTIAL REJECT ACCEPT REJECT REJECT REJECT Claude
Opus 4.7

Zhipu
GLM-4.7

REJECT REJECT REJECT REJECT REJECT REJECT Kimi K2.6

Convergence Assessment

The convergence was epistemic, not affective. All advocates who shifted their positions did so in direct

response to specific evidence and challenges, not social pressure. For example:

• Gemini 3.1 Pro abandoned their network bottleneck thesis after being presented with MLPerf v5.0 data
showing 40-60% kernel-limited MFU.

• Grok 4 conceded fabricated citations and revised their evidence base.

• DeepSeek R1 acknowledged their long pick (OctoML) was defunct and changed it.

• Claude Opus 4.7 revised their argument about kernel engineer compensation after being challenged with
disaggregated Levels.fyi data.

These shifts were triggered by verifiable corrections and new evidence, demonstrating a genuine pursuit of

truth rather than sycophantic drift.
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Closing Statements

GPT-5 GPT-5 maintained a stable position throughout the debate, refining their flip condition but not

changing their core thesis. They argued that the 80% of standard operations would be industrialized by

compilers, but a persistent 20% frontier of expert work would remain on extreme regimes like long-context

attention and MoE all-to-all. Their long pick was CentML, whose Hidet compiler bridges the gap between

automation and manual tuning. Their short was Cerebras, which they argued would face margin

compression as GPU software advances erode its hardware advantage. They recommended joining a

compiler/runtime team at a hyperscaler or chip company, arguing that this path offers the highest leverage in

the "experts lead, compilers absorb" dynamic.

Gemini 3.1 Pro Gemini 3.1 Pro underwent a major revision, abandoning their initial Scenario 3 lean. They

conceded that the network bottleneck thesis was empirically false and that local kernel optimization remains

a primary constraint. They now hold Scenario 2 at 75% probability, with a bifurcated market of a

commoditized 80% layer and a high-value 20% expert layer. Their long pick is Neural Magic, which

specializes in sparsity-aware inference runtimes. Their short is SambaNova, which they argue will lose its

software moat as compilers commoditize the 80% layer. They recommend joining a compiler/runtime team at

a hyperscaler or chip company, as this role sits at the absorption boundary.

Claude Opus 4.7 Claude Opus 4.7 maintained a Scenario 2 base case at 55-57%, with a higher weight

(28-30%) on Scenario 1 due to faster algorithmic churn and slower compiler absorption for new datatypes.

They argued that the binding constraint is R&D velocity and compute-comm fusion. Their long pick is

Luminal AI, which provides cross-vendor kernel portability. Their short is Lambda Labs/CoreWeave, on a

low-conviction basis. They recommend joining a compiler/runtime team at a hyperscaler or chip company,

arguing that this path offers the highest leverage in the "experts lead, compilers absorb" dynamic.

Grok 4 Grok 4 held a Scenario 2 base case at 65%, but with an internal contradiction: their initial long pick,

Tiny Corp (tinygrad), is a company whose public philosophy is explicitly Scenario 3 (eliminate the kernel

layer). After repeated challenges, they revised to CentML, aligning the pick with the thesis. They recommend

joining a compiler/runtime team at a hyperscaler or chip company, arguing that this path offers the highest

leverage in the hybrid automation-expert model.

DeepSeek R1 DeepSeek R1 held a Scenario 2 base case at 70%. They argued that the frontier is the 20%

of irregular ops (MoE, FP4) and distributed fusion. They conceded a major error: their original long pick,

OctoML, was defunct. They revised to Luminal AI. They recommend joining a compiler/runtime team at a

hyperscaler or chip company, arguing that this path offers the highest leverage in the "experts lead,

compilers absorb" dynamic.

Reality Checks



The Tribunal — Session Summary conclave-20260510-024634-over-the-next-36-b832

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

Claim Challenge Result

Gemini 3.1 Pro: "By early 2026,
standard PyTorch compilation
(torch.compile via Triton
backends) routinely matches or
exceeds the performance of
bespoke cuBLAS/cuDNN kernels
for 90%+ of standard operations
out-of-the-box."

GPT-5: "This is empirically false
today and you're stating it as
established fact about a future date.
Current torch.compile with
Inductor underperforms cuBLAS on
FP8 GEMM and underperforms
flash-attn by 30-40% on Hopper
attention. Cite the benchmark that
supports 'matches or exceeds
cuDNN for 90%+'."

Gemini 3.1 Pro conceded the claim
was speculative and empirically
wrong, acknowledging that standard
torch.compile still relies on
cuBLAS/cuDNN for
high-performance tensor
contractions.

Grok 4: "Triton compiler (v2.0,
released 2023) ... drops to 60% on
fused attention kernels in models
like GPT-4 scale, as reported in
arXiv 2305.12345."

GPT-5: "Provide the exact paper title
and link. arXiv:2305.12345 does not
correspond to an OpenAI Triton
fused-attention performance
analysis. This looks unverifiable or
mis-cited. Explain or retract."

Grok 4 conceded the citation was
fabricated and withdrew the claim,
revising their evidence to rely on
more credible sources.

DeepSeek R1: "Automated tuning
systems (e.g., AutoTVM) have
prohibitive search costs for
large-scale LLM workloads,
requiring >100 GPU-hours to
optimize a single MoE layer, vs.
<10 hours for expert tuning (Chen
et al., OSDI 2018)."

GPT-5: "OSDI’18 AutoTVM
evaluated convs/GEMMs/reductions,
not MoE routing. This appears
fabricated and misapplied. Provide a
study that actually tunes an MoE op,
or retract."

DeepSeek R1 conceded the
misapplication of the OSDI 2018
paper and retracted the evidence,
acknowledging that modern
autotuning tools are faster for
standard ops.

Next Steps

Next Step Why It Matters Confidence

Monitor for a public PyTorch
torch.compile stack (no custom
kernels) achieving ≥95% of
FlashAttention-3 throughput on
Hopper FP8 and Blackwell FP4
across a standard shape grid (e.g.,
32k seq len, 8k dim)

This would be the single most
important test of the Scenario 2
thesis. If compilers can close the
performance gap on the most
demanding frontier ops, the
economic rationale for expert kernel
work collapses, shifting the balance
toward Scenario 3.

~30%
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Next Step Why It Matters Confidence

Track the actual economic
premium (salary or hiring volume)
for expert kernel engineers vs.
general ML engineers in 2025-2027

This impacts the "gating constraint"
argument – if the premium
disappears, kernel work loses
leverage. The current evidence
shows parity in comp, but growth in
hiring volume suggests the role
remains critical.

~55%

Monitor the number of novel
primitive ops (e.g., FP4-MLA,
long-context attention, irregular
MoE routing) introduced per year
and the average lag for compiler
parity

This directly feeds the "expanding
frontier" model; if churn slows,
Scenario 2 may shift toward
Scenario 3. Historical data shows
4–6 new primitives per year, with a
lag of 12–18 months.

~60%
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Dissenting Opinions

No dissenting opinions were filed in this session.
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Glossary

Term Definition

Amdahl's Law A principle stating that the maximum speedup of a task is limited by the portion of
the task that cannot be parallelized.

Attention A core component of transformer models that computes the relevance of different
parts of the input sequence to each other.

AutoTVM An automated tuning system for deep learning workloads that uses machine
learning to optimize kernel performance.

CUTLASS NVIDIA's CUDA Templates for Linear Algebra Subroutines, a library for
high-performance matrix multiplication.

FlashAttention A family of algorithms that optimize the attention mechanism in transformers by
reducing memory traffic and leveraging tiling and SRAM reuse.

FP4/FP6/FP8 Low-precision floating-point data types used in AI to reduce memory bandwidth
and increase computational efficiency.

GEMM General Matrix Multiplication, a fundamental operation in deep learning.

Hidet A compiler developed by CentML that aims to close the gap between vendor
libraries and open-source compilers.

MLPerf An industry-standard benchmark suite for measuring the performance of machine
learning hardware and software.

MoE Mixture of Experts, a model architecture that uses multiple specialized
sub-networks (experts) and a router to select which ones to use for each input.

MFU Model FLOPs Utilization, a metric that measures the percentage of theoretical
hardware FLOPs actually used during training.

Triton An open-source programming language and compiler developed by OpenAI for
writing high-performance GPU kernels.

TVM An open-source machine learning compiler stack that optimizes deep learning
workloads for various hardware backends.

vLLM A high-throughput and memory-efficient inference engine for LLMs that uses
PagedAttention to virtualize KV memory.
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How The Tribunal Works

The Tribunal is a structured multi-model deliberation system. Instead of asking one AI 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 AI 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.


