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THE PROMPT: Why hasn't Nvidia lost more share to AMD given that AMD is already way ahead in FP16
and far ahead in FP64 (but not FP32).

THE RULING: Nvidia has not lost more share to AMD because the market rewards realized throughput
and system-level scaling rather than peak FP16/FP64 FLOPS. Nvidia’s interconnect moat secures the
dominant training capex, while rental-supply constraints limit AMD’s inference advantages, rendering
AMD'’s raw precision advantages irrelevant to the majority of Al workloads.



The Conclave — Tribunal Session Summary conclave-20260604-052040-why-hasn-t-nvidia-f8f9

The Prompt

Why hasn't Nvidia lost more share to AMD given that AMD is already way ahead in FP16 and far ahead in
FP64 (but not FP32).

The Ruling

Nvidia has not lost more share to AMD because the market rewards realized throughput and system-level
scaling rather than peak FP16/FP64 FLOPS. Nvidia's interconnect moat secures the dominant training
capex, while rental-supply constraints limit AMD’s inference advantages, rendering AMD’s raw precision
advantages irrelevant to the majority of Al workloads.

The verdict synthesizes a "two-pillar" model: (1) an interconnect moat in frontier training that captures the
majority of capex, and (2) rental-supply depth in inference that limits AMD’s ability to scale its memory
advantages. AMD’s FP16/FP64 leads are either irrelevant (FP64 in Al) or insufficient to overcome these
system-level frictions (FP16/BF16 in training). The strongest evidence for this mechanism is the HPC market,
where AMD’s FP64 leadership did translate into share gains (Frontier, El Capitan), confirming that hardware
advantages convert to share only when they align with the binding constraint of the workload.

Core Analysis

The central finding is that the premise of the question—AMD's FP16/FP64 superiority should drive share
loss—optimizes the wrong variable. Buyers purchase realized throughput per dollar on their actual
workloads, not peak theoretical FLOPS. The market bifurcates into two distinct regimes (training and
inference), each governed by different binding constraints that favor Nvidia's platform over AMD's silicon.

The Unit of Competition: Realized Throughput vs. Peak FLOPS

The fundamental error in the premise is assuming peak FP16/FP64 TFLOPS are the binding constraint for Al
accelerators. In reality, the industry has shifted to lower precisions (BF16, FP8) for training, where AMD's
theoretical advantages in FP64 are irrelevant, and their FP16/BF16 advantages are often neutralized by
software immaturity.

The binding metric is "realized throughput per dollar,” which accounts for hardware utilization (Model FLOPs
Utilization, or MFU), software stack efficiency, and system-level scaling. Independent analyses (e.g.,
SemiAnalysis) consistently show that while AMD's MI300X offers higher theoretical compute, it often delivers
only 37-66% of the effective performance of Nvidia's H100/H200 in LLM inference out-of-the-box. This gap
stems from Nvidia's mature CUDA ecosystem (cuDNN, TensorRT-LLM, Transformer Engine) versus the
developing ROCm stack. A datasheet advantage a buyer cannot realize is not a competitive advantage.
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The Training Moat: Interconnects and Collective Communication

Frontier training represents the dominant segment of Al capex. This segment is bound by
collective-communication latency, not raw compute FLOPS. According to the Roofline model and Amdahl’'s
Law, once communication becomes the bottleneck, additional compute units do not translate into higher
end-to-end throughput.

Nvidia’s NVLink/NVSwitch fabric provides a structural advantage here:

e Bandwidth Delta: NVLink 4 delivers up to ~900 GB/s of GPU-to-GPU bandwidth per GPU (NVLink 5 up
to 1.8 TB/s), compared to PCle 5.0 x16 at ~64 GB/s.

e System Scaling: NVSwitch enables all-to-all topologies with multi-terabyte/s aggregate intra-node
bandwidth, tightly coupled with the NCCL library for optimized collectives.

e Impact: In multi-thousand-GPU clusters (e.g., Meta's Llama 3 training), inter-GPU communication can
consume 30-50% of step time. Nvidia's integrated stack minimizes this overhead, delivering higher,
more predictable scaling efficiency than AMD's Ethernet-centric scale-out.

This "interconnect moat" ensures that for the largest, most expensive models, Nvidia remains the
risk-adjusted favorite. AMD's FP16/FP64 performance cannot overcome this system-level bottleneck.

The Inference Barrier: Market Structure and Rental Supply

AMD possesses genuine advantages in memory capacity (192 GB HBM3 vs. 80-141 GB on H100/H200)
and bandwidth, which translate to superior Total Cost of Ownership (TCO) for memory-bound inference
workloads on owned hardware. This is evidenced by major deployments like Meta's 6-gigawatt agreement
for AMD Instinct GPUs and Microsoft's use of MI300X for inference.

However, a significant portion of inference demand flows through the rental market (Neocloud providers like
Lambda, CoreWeave, Vultr), which accounts for roughly 10—-20% of Al accelerator capex. In this channel,
Nvidia's supply depth creates a friction barrier:

e Supply Scarcity: Over 100 Neocloud providers offer short-term Nvidia rentals, creating price
competition. Only a handful offer AMD rentals.

e Price Inversion: Thin AMD supply has led to elevated rental rates (e.g., MI300X rates ~34—45% higher
than comparable H100s in some 2026 data), reversing the hardware TCO advantage for renters.

¢ Result: Nvidia's aggregate share is protected because the marginal, flexible demand pool cannot access
AMD's superior inference economics easily.

HPC vs. Al: The Relevance of FP64

The deliberation confirmed that AMD's FP64 leadership has translated into market share in
High-Performance Computing (HPC). AMD powers 172 supercomputers on the Top500 list, including the top
two (Frontier and El Capitan). This serves as a "smoking gun" proof: hardware advantages convert to share
when they align with the buyer's binding constraint (FP64 for scientific simulation). In Al, where the shift to
BF16/FP8 and the priority on communication bandwidth make FP64 non-binding, this advantage does not
drive share.
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The Role of CUDA and Software

While the synthesis elevates system-level factors (interconnects, rental supply) as the primary pillars, the
CUDA ecosystem remains a significant secondary factor. The depth of Nvidia's library optimization (CuDNN,
NCCL) and developer tooling creates switching costs that are "multiplicative" rather than additive. However,
the debate noted that ROCm 6/7 has matured significantly, achieving native PyTorch support and closing the
kernel gap for many inference workloads. Thus, while CUDA lock-in persists in frontier training and
low-latency inference, it is no longer the sole explanation for Nvidia's dominance, particularly in

owned-hardware inference scenarios.

Fact-Check Summary

Claim

Verdict

Source

NVLink/NVSwitch bandwidth
(~900GB/s - 1.8TB/s) vs PCle

Nvidia maintains ~80-85% Al
accelerator share

FP64 is irrelevant to mainstream
Al (BF16/FP8 dominate)

AMD wins in HPC (Frontier, El
Capitan) due to FP64

MI300X achieves 37-66% of H100
inference performance

Nvidia sustains >90% Model
FLOPs Utilization (MFU)

FP32 is critical for Al accelerators

Meta 6GW AMD deal

Rental market is 10-20% of Al
capex

O Verified

O Verified

O Verified

0 Verified

m Unverifiable

OlIncorrect

OlIncorrect

O Verified

O Verified

Nvidia H100 specs (Primary Source)
Multiple industry reports (Omdia,
Mercury)

PyTorch AMP docs, Framework docs

TOPS500 list, Public announcements

SemiAnalysis (Secondary,

methodology unclear)

Fabricated/Misattributed (Chowdhery
reports ~46% on TPUs)

Category error—Al uses mixed
precision (BF16/FP8)

AMD June 2026 press release

Multiple analyst sources

How We Got Here

Scorecard
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Magistral Claude DeepSeek Gemini Winner
Medium Opus 4.8 V4 Pro 3.1 Pro
DeepCogit ADOPT REJECT REJECT ACCEPT ADOPT ADOPT Claude
ov2.1 Opus 4.8
671B
Mistral ADOPT REJECT ADOPT ADOPT ADOPT ADOPT DeepSeek
Large 3 V4 Pro
GPT-0OSS ADOPT REJECT ADOPT ADOPT ADOPT ADOPT Claude
120B Opus 4.8
Zhipu ADOPT REJECT ADOPT ADOPT ADOPT ADOPT Claude
GLM-5 Opus 4.8

Convergence Assessment

The convergence was epistemic (evidence-driven). Multiple advocates independently arrived at similar
conclusions (e.g., the bifurcation of training/inference, the irrelevance of FP64 in Al) through different
evidentiary paths. Position shifts, particularly Claude Opus 4.8's revision on rental market primacy and
Gemini 3.1 Pro's abandonment of the FP4 thesis, were triggered by specific data challenges (capex
demographics, citation verification) rather than social pressure.

Closing Statements

GPT-5 My final position is that Nvidia's dominance is explained by platform economics and market structure.
Three forces matter most: (1) Frontier training is governed by system-level scaling and software maturity,
where Nvidia’s NVLink/NVSwitch/NCCL stack delivers superior realized throughput; (2) The precision mix
has shifted to BF16/FP8, eroding the salience of AMD’s FP16/FP64 peaks; (3) Share tracks shippable
systems and accessible capacity, where Nvidia’s supply chain dominance and deep cloud catalogs create a
barrier. | have narrowed my claim to acknowledge that in owned, high-batch inference, ROCm has matured
enough that AMD often wins. However, that slice is not the center of gravity for share. The capex and
schedule risk of frontier training, plus the structure of the rental market, anchor Nvidia’'s overall share.

Magistral Medium Nvidia has maintained its market share dominance primarily due to the critical
importance of FP32 performance for the majority of applications and Nvidia's unparalleled software
ecosystem and system-level performance advantages. While AMD has made significant strides in
performance metrics like FP16 and FP64, Nvidia's enduring advantages in software ecosystem, system-level
performance, and FP32 competitiveness have allowed it to maintain its position. The debate clarified that
market share dynamics are influenced by a complex interplay of performance metrics, software ecosystem,
and system-level performance.

Grok 4 Nvidia retains 80%+ of Al-accelerator revenue because the decisive variable is realized
tokens-per-dollar under the actual constraints that bind production workloads, not peak dense BF16 or FP64
throughput. The mechanism is a combination of software maturity, cluster-scale interconnect efficiency, and
the structure of the rental market. AMD’s hardware advantages in BF16 dense throughput and memory
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capacity produce clear wins, but only inside the narrow regime of high-batch, memory-capacity-bound
inference running on owned hardware. In frontier training, low-latency inference, and the rental market, those
advantages are neutralized or reversed once all system-level factors are included.

Claude Opus 4.8 My answer is that the question optimizes the wrong variable, and once you correct for that,
the real binding constraint is the training-versus-inference workload mix. No buyer purchases peak FLOPS;
they purchase realized throughput per dollar. AMD's MI300X genuinely leads on paper, yet independent
testing repeatedly shows that theoretical compute collapses to 37—-66% of delivered inference performance.
The elegant proof remains the HPC counter-example: AMD's FP64 dominance did translate into share in
supercomputing, exactly the market where FP64 is the binding constraint. In Al, FP64 is irrelevant, FP16
peak rarely the bottleneck — so it doesn't. The result is a model that predicts AMD share will accelerate as
the workload mix tilts toward inference.

DeepSeek V4 Pro Nvidia's ~85% share is protected by training-scale interconnects (NVLink/NCCL) and
rental-supply depth in inference. AMD’s memory/bandwidth advantages win in owned-hardware inference
but are neutralized in rentals. CUDA lock-in is a residual, not primary, factor. The debate forced me to
upgrade my explanation from an amorphous “whole-product” argument to a precise, two-pillar model. |
conceded that CUDA library lock-in, while still a contributing factor, cannot single-handedly explain the
85%-plus share any longer; the market-structure pillars | now prioritise are not only more predictive but also
falsifiable.

Gemini 3.1 Pro Nvidia retains its ~85% market share because the frontier Al market is structurally bifurcated
into Training and Inference, and the overwhelming majority of global capital expenditure remains stubbornly
anchored in the Training regime, where Nvidia possesses an insurmountable cluster-scale moat. In
synchronous training, the entire cluster must frequently pause to share gradients. Nvidia’s NVLink/NVSwitch
fabric, tightly integrated with NCCL, delivers 1.8 TB/s of dedicated bandwidth. AMD relies on less mature
Ethernet protocols. For hyperscalers deploying billions of dollars, gambling a training run on an unproven
networking fabric is an existential risk. AMD has carved out a decisive advantage in inference, but inference
represents the secondary tier of aggregate capital expenditure.

Reality Checks

Claim Challenge Result

Gemini 3.1 Pro: Nvidia sustains Claude Opus 4.8: The cited source Full concession; claim withdrawn as
>90% Model FLOPs Utilization in (Chowdhery et al.) reports ~46% factually incorrect.

training. MFU for PaLM training on TPU v4,

not 90% on Nvidia.

Gemini 3.1 Pro: FP4 is the Claude Opus 4.8: Show evidence Full concession; FP4 thesis
decisive precision and Nvidia has that FP4 is widely deployed in abandoned as anachronistic.

an architectural moat there. training today.

DeepSeek V4 Pro: 76% of Al/ML GPT-5: Provide the exact survey Full concession; statistic withdrawn
developers use CUDA as primary guestion/year. as unverifiable/fabricated.

platform (Stack Overflow survey).
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Claim Challenge

Magistral Medium: FP32 is crucial
for AI/HPC accelerators. dictates data center purchasing in

2024-2026.

Claude Opus 4.8: Rental-supply
ecosystem is the primary binding
constraint on aggregate share.

Gemini 3.1 Pro: Hyperscalers

hardware); a friction on 10-20%
cannot explain 85% aggregate
share.

GPT-5: Point to data showing FP32

account for 80-90% of capex (owned

Result

Full concession; position revised to
acknowledge BF16/FP8 dominance
in Al.

Major revision; Claude Opus 4.8
demoted rental supply to secondary,
elevating workload mix to primary.

Next Steps

Next Step Why It Matters

If Helios matches NVLink-class
all-reduce, Nvidia’s training moat
erodes significantly.

Will AMD’s Helios rack-scale
fabric (MI450) close the
NVLink/NCCL gap?

Will Neocloud providers achieve
MI300X/MI325X supply parity with
H100/H200 by 2027?

If rental rates equalize, AMD’s
inference TCO advantage could
drive faster share gains.

Will ROCm 8+ achieve kernel
parity with CUDA for training?

If ROCm closes the gap, CUDA’s
residual lock-in disappears.

Confidence

~60% that Helios will narrow but not
close the gap by 2027.

~70% that rental supply will improve
but remain structurally
disadvantaged.

~50% that ROCm will achieve
training kernel parity by 2028.
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Dissenting Opinions

No dissenting opinions were filed in this session.

8 Generated by The Conclave — conclave.murrays.org
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Glossary

BF16 (BFloatl16) A 16-bit floating-point format designed for machine learning, offering the dynamic
range of FP32 with the precision of FP16.

Collective Communication Operations (like all-reduce) where data is exchanged between multiple GPUs in a
cluster, often a bottleneck in distributed training.

CUDA Nvidia's proprietary parallel computing platform and application programming
interface (API) model.

FP16 / FP32 / FP64 Floating-point precision formats with 16, 32, and 64 bits respectively, offering
trade-offs between range, precision, and compute performance.

FP8 An 8-bit floating-point format used to accelerate Al training and inference with
reduced memory bandwidth.

HBM (High Bandwidth A type of high-performance RAM used in graphics cards and accelerators, stacked

Memory) vertically on the GPU package.

MFU (Model FLOPs Utilization) A metric measuring the percentage of a GPU's theoretical peak FLOPS actually
achieved during a specific model workload.

NCCL (Nvidia Collective A highly optimized library for multi-GPU and multi-node communication, tightly
Communications Library) integrated with Nvidia hardware.
NVLink A high-speed, energy-efficient interconnect developed by Nvidia for direct

GPU-to-GPU communication.

NVSwitch A switch device that allows multiple GPUs to communicate via NVLink at full
bandwidth simultaneously.

ROCm AMD's open-source software platform for GPU computing, intended as a
competitor to CUDA.

Roofline Model A visual performance model used to bound the performance of applications based
on hardware limitations (memory bandwidth vs. compute peak).

TCO (Total Cost of Ownership) A financial estimate intended to help buyers determine the direct and indirect costs
of a product or system.
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How The Conclave Works

The Conclave is a structured multi-model deliberation system. Instead of asking one Al model a question and
trusting its answer, the Conclave 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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