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Vera Rubin NVL72 is the second generation of Nvidia’s rack-scale Oberon architecture,

and its gains on inference come from extreme co-design. Early results from engineering

samples are encouraging. Vera Rubin NVL72 running DeepSeek R1 delivers 5.4x
performance per MW and 5x performance per dollar over GB200 NVL72 today, and the
gap is even wider against GB200 NVL72 during its early bringup in 2025. Vera Rubin is
still in the early bringup stage now, so we expect the gap to continue widen. Rubin's
inference performance will keep improving as software matures, the same pattern we
demonstrated for Blackwell in our InferenceX benchmarks, and Rubin still has a long

runway ahead.

Nvidia has also recently made available their first public release of the Rubin (SM_107)
software stack with CUDA13.4 and has upstreamed Rubin PRs to PyTorch, vLLM and
OpenAl Triton Compiler. Blackwell was not able to reuse Hopper WGMMA kernels, Rubin

is able to reuse Blackwell's kernels, which makes the software bring up process much
smoother. For speed of light (SOL) performance, engineers will still need to tune and
rewrite kernels but for those that are focused on time to market, Blackwell kernels can be
reused. We will also explain Rubin’s new 3 bit programmable LUT tensor core.

NVIDIA has also released on GitHub that Feynman is SM_140. Unlike Blackwell to Rubin,
Rubin to Feynman will be an much more complex transition on the kernel front.
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Read full story

The early metrics gathered on VR NVL72 come from CoreWeave. We have not
independently verified them. Nvidia has committed to submitting verifiable numbers to
InferenceX by Q3 CY2026. Google should submit TPUvV7 results in the next couple of
months, and AMD has committed to MI455X UALOE72. Once those land, the ecosystem
gets an objective comparison across systems.
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In this article we break down Nvidia's Rubin claims against several baselines, showing
where Rubin clearly leads Blackwell and where the lead is thinner. We will also analyze
Rubin’s performance per total cost of ownership using our already existing estimates for
Rubin’s total cost of ownership (TCO). The TCO for Rubin and many other systems is

sourced from our Al TCO model, which tracks the total cost of ownership of different Al

chips, factoring_in capex, opex and different other expenses. We also consider
performance per watt using our All-in Utility Provisioned Power Estimates from our

Datacenter Model.

Finally, we will present a component by component build up of the Bill of Materials (BoM),

for the VR NVL72. This is available in our upcoming_SemiAnalysis Bill of Materials (BoM)
Model.

Another area where Rubin Oberon NVL72 will fare better than Blackwell Oberon NVL72 is
in a much faster production ramp period. This is thanks to Rubin’s simpler cableless
compute tray design and learnings from Nvidia's experience with deploying a rack-scale
copper backplane, having invested much effort into ironing out issues with Blackwell's
copper backplane. Our Accelerator Model tracks quarter by quarter shipments of Rubin at

both the package level and the rack level.
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Source: SemiAnalysis VR NVL72 BoM Model

A Brief Breakdown of Rubin Chip-
Level Microarchitecture Features

Going through a complete breakdown of Rubin microarchitecture will have to wait until we
obtain ssh access to Rubin systems, allowing us to run benchmarks similar to those we

carried out when first analyzing _Blackwell. However, there are still a few interesting points

we can still make.

We expect that Rubin bringup will be much more seamless compared to the transition from
Hopper to Blackwell, where engineers expended much effort just to port kernels to
Blackwell. This simplicity comes from the fact that Rubin is able to run Blackwell SM100-
family kernels across all the important kernel libraries in DeepGEMM, FlashMLA,
CUTLASS, among others. Moving from Hopper to Blackwell meant rewriting kernels from
scratch. Hopper’s kernels don’t run on Blackwell at all.

Reusing Blackwell SM100 kernels means a clear time to market advantage, but for speed

of light (SOL) performance, engineers will still need to tune and rewrite kernels specifically
for the Rubin architecture, though kernel reuse buys them time to focus much more on this
kernel tuning.
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Turning to architectural details, Rubin’s SMEM increased to 328 KiB compared to
Blackwell’s 228 KiB. While the default SMEM capacity is 228 KiB, Rubin comes with an
oversized shared memory mode that allows increase to 328 KiB. Furthermore, TMEM has

been increased to 256 KiB up from 288 KiB in Blackwell as the number of columns
increased from 512 to 576. The additional columns will allow stashing block scale factors,
while keeping the TMEM region for accumulators disjointed from it. This greatly simplifies

block-scaled kernel logic: it saves the kernel writers from carefully pipelining and

overlapping MMA matrix and block scaling factor loads.

Memory Size Increase
Shared Memory Size per
e SM

Register File Size per SM H Tensor Memory per SM

Volta
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Hopper

Blackwell

Rubin

Source: OpenAl

Rubin's TMA now supports inline descriptor updates. There are tons of use cases for this.
For example, in an MoE layer, each expert is a separate weight matrix at its own address
in HBM, so the TMA descriptor has to point somewhere new on every expert switch. On
Blackwell, that meant rewriting the descriptor in memory and synchronizing before the next
load. Now, with Rubin, the per-expert offset is passed inline to the TMA instruction so that
one descriptor covers all experts, with no in-memory rewrite between them. This removes
overhead during token dispatch and improves decode speed at low batch sizes.

Blackwell Rubin

Global Memory Experm Global Memory

MoE Desc #2 iExpert 7]
__ , MoE
G L | Descriptor
L ]
- .

: V. :

Shared Memory E""e“" Shared Memory E“"E““
One MoE Descriptor required per expert One MoE Descriptor shared across all experts

Source: Nvidia

Inline TMA descriptor update corresponds to the ISA feature . override_gualifiers. TMA
instructions require a tensorMap object that specifies layout and format metadata. By
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using the .override qualifier, bulk asynchronous copy instructions can reuse the
tensorMap object as a template, but replacing certain metadata fields, such as strides. In
the case of MoE, expert weights have identical shapes, data types, and properties. By
overriding the global address, kernel writers can avoid duplicating or replacing
tensorMap objects when loading different experts.

Rubin doubles BF16/FP16 exponential throughput per clock per SM again, which helps
overlap Tensor Core work with softmax during attention. FP32 throughput is unchanged
from Blackwell Ultra.

Rubin also improves the softmax throughput. As Tensor Core throughput increases,
softmax can become a bottleneck because it depends on exponential math and
reductions across attention rows. Rubin increases exponential throughput, including 2x
FP32 and 4x BF16/FP16 throughput versus the Blackwell baseline, helping softmax

keep pace with faster matrix operations.

NVIDIA GPU FP32 exponential BF16/FP16 exponential
platform throughput throughput

(per clk per SM) (per clk per SM)
Blackwell 1x 1x
Blackwell Ultra 2X 2X
Rubin 2X 4x

Table 1. Exponential throughput rises from Blackwell to Rubin

Together, these features make the Rubin attention acceleration more than a single-
kernel improvement. Activation sparsity reduces the amount of intermediate attention

work, while faster exponentials reduce the softmax bottlenecks.

Source: Nvidia

Compared to Blackwell NVFP4/MXFP4 Tensor Cores which could only accept
UE4M3/UE8MO block scale factor format, On Rubin Tensor cores, it will now be able to
accept UES5M3 8 bit block scale factor too. This additional block scale format will allow for
more flexibility and less quantization error is certain cases due to its wider range.
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Adds support for . spcompress qualifier for tcgen05.1d and tcgen®5.1d. red instruct
Adds support for spcompress and spdecompress instructions.

Adds support for .ue5m3x2 instruction type for cvt instruction.

Adds support for .scaled: :n1: :ue8m@ qualifier for cvt instruction.

Adds UE5M3 as scale type for tcgen®5.mma and tcgend5.mma. sp instructions.

vy v vy vy vy Yy

Adds support for .kind: :ti16 qualifier for tcgen@5.mma, tcgenB5.mma.sp, tcgenod:
ws, tcgen@5.mma.ws. sp instructions.

Adds support for add, sub, mul and fma instructions with . f16x2/.bf16x2/.f32x2 typt
» Adds support for add, sub, mul and fma instructions with FP8/FP6/FP4 x4 packed types.

v

» Adds support for .exclusive qualifier for tcgen85.alloc and tcgen@5.dealloc il

+innec

Source: NVIDIA PTX

It is also important to note that latency has improved for SM-driven NVLink
communications through the use of counted writes, which reduces the number of back and
forth messages required to send data between GPUs over the copper backplane. This is a
huge deal because Blackwell NVLink latency is multiple times higher than that of TPU and
Trainium.

Blackwell Rubin

SMGPU 0 NVLink - Memory GPU 1 SM GPU 1 SMGPU 0 NVLink  Memory GPU 1 SM GPU 1

1
Daty Store :

Source: Nvidia

Rubin’s Tensor core delivers twice the throughput for FP8 and FP4 as compared to
Blackwell. A key change driving this is doubling the k dimension as this means in theory, a
GEMM takes half the number of clock cycles to execute. Additionally, the awkward
K=96/3xFP4 instructions from Blackwell Ultra are still present, but alongside a new K=128
variant.
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Doubling K-dimension Instruction Throughput

Rubin halves the number of iterations required to resolve the K-dimension

Weights
(Kx N)
Activations
(K x M)
(batch/tokens) | ;
K 2x K-Dimension
. . . 4 iterations 2 iterations
(hidden dimension)  ;, gjackwell in Rubin

Source: Nvidia

In Blackwell, PDL allowed for overlap at the grid level, where the dependent grid needs to
wait for all threadblocks in the previous kernel to complete before starting. This allowed for
some overlap and hiding of the ramp-down and ramp-up time between kernels, but didn’t
come close to the extremely fine-grained overlap that trendy megakernel authors look to
achieve. In Rubin, finer-grained overlap is enabled, where the dependent kernel can
synchronize with the previous kernel at the threadblock level instead.

Fine Grained Kernel overlap

Inter kernel dependency

]
ThreadBlock 0 I:] :[ ThreadBlock 0 ]
]
ThreadBlock 1 lj :[ ThreadBlock 1 }
ThreadBlock 2 IU ThreadBlock 2 ]
ThreadBlock 3 Ij [ ThreadBlock 3 ]

Blackwell
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Figure 6. Producer-consumer overlap: Blackwell bulk triggering (above) and Rubin tile-level
triggering (below)

Source: Nvidia
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Rubin has 2.8x higher global memory bandwidth than Blackwell Ultra through the use of
3D-stacked HBM4 memory. It is unlikely Rubin delivers any improvement versus Blackwell

in memory system latency. Our Accelerator & HBM Model has an complete breakdown of
the memory volumes estimates & vendor used in Rubin.

Rubin Delivers Up To 2.8x More Memory Bandwidth

Blackwell vs Blackwell Ultra vs Rubin

22 TB/s

2.8x
8 TB/s 8 TB/s
Blackwell Blackwell Ultra GPU Rubin GPU (HBM4)
GPU (HBM3e) (HBM3e)

Figure 8. Memory bandwidth scaling from Blackwell to Rubin

Source: Nvidia

Rubin adds 2:4 sparsity support for activations. In every group of four values, two are kept
and two are zeroed. The pattern is regular, so the Tensor Core knows where the survivors
are, skips the rest, and runs the MMA at twice the rate. A small metadata field tracks which
slots were kept.

Nvidia shipped 2:4 on weights back in Ampere and nobody used it, because it meant
pruning the model and retraining. Rubin applies it to activations at runtime, so no retraining
is needed. In attention, QKT runs dense, then the scores get compressed on the way out
of Tensor Memory. Softmax processes only the survivors, and the following GEMM against
V runs sparse. The output stays dense, so nothing else in the model changes. It works on
MLP activations too.

Nvidia has published no accuracy data, and throwing out half the attention scores before
softmax is not obviously free. CoreWeave’s DeepSeek R1 results do not appear to use it
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either, which makes it another Rubin feature with silicon today and no tuned kernels

behind it yet.

Rubin Adaptive Compression Sparsity

Rubin’s sparsity feature - for use between attention related outputs

Sparse Operation on Tensor Core + Rubin Activation Sparsity Feature

“

A matrix (sparse) metadata

2-bit
K2 indices

Transformer Block

Single Attention Block MLP Block

= ECI Activation FC2 b

33npay-iiy

QKV  =p{ Attention p=» Projection =i

S2NPAAY-|IV

Source: Nvidia

Lookup Table Weight Decompression in
Rubin SM107 Tensor Core

Rubin adds LUT B, a Tensor Core MMA mode that decompresses the weight operand from
a lookup table. In this mode, the B operand is a compressed matrix of indices. In a
standard inference GEMM, the B operand holds the weights. The weight values live in a
lookup table in Tensor Memory. The Tensor Core reads each index and reconstructs the
weight value inside the MMA. There is no separate dequantization pass. After lookup, the

multiply runs at FP8.

In LUT B, every weight position stores a 3-bit index rather than a complete numerical
value. The index selects one of eight E4AMS3 values in the lookup table shared by that
weight’s 8x64 block. For example, if the stored index is 5, the Tensor Core uses entry 5
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from that block’s lookup table as the weight. The lookup happens inside the MMA, so the
kernel never has to construct a separate decompressed weight matrix.

[ |8bit | 8bit | .. 8 bit 3 bit | 3bit | ... 3 bit 8bit | 000
8bit |8bit |... 8 bit 3bit | 3bit |... 3 bit 8 bit 001
8 bit | 8bit |... 8 bit 3 bit | 3bit | ... 3 bit 8bit | 010
8bit |8bit |... |8bit 3 bit | 3bit | ... 3 bit 8bit | 011

-+ e - d

8 bit | 8bit |... 8 bit 3bit | 3bit | ... 3 bit 8bit 100
8bit [8bit |... |8bit 3bit |3bit |... |3bit 8bitsl 101
8 bit | 8 bit | ... 8 bit 3 bit | 3bit | ... 3 bit 8 bit 110

, | 8bit |8bit |... |8bit 3 bit | 3bit | ... 3 bit 8 bit 111
Original B matrix with Compressed B matrix 8B LUT
512 x 8 bit elements with 512 x 8 bit elements

Source: Nvidia

The lookup table (LUT) does not have to follow the spacing of a conventional uniform or
floating-point grid. A quantization algorithm can therefore place more values around dense
clusters of weights, use uneven spacing for long tails, or choose an asymmetric codebook
when positive and negative weights have different distributions.

This flexibility creates the possibility of better accuracy per stored bit. Rubin LUT B has
fewer individual codes than FP4, but it can place those codes where a particular weight
group needs them rather than accepting the fixed ratios of E2M1. It is not automatically
more accurate than MXFP4 or NVFP4, however. One codebook is shared across 512
weights, whereas NVFP4 adapts its scale over much smaller groups of 16. The result will
depend on the codebook-fitting algorithm, calibration data, quantization-aware training and
whether sensitive layers remain at higher precision.

Each index is 3 bits while the lookup table has 8 entries. Each entry is one byte, an E4AM3
8-bit float in the reference kernel. This results in 3.125 bits per weight: 3 bits for the index,
plus 64 bits of codebook spread across 512 weights. The codebook sits in HBM with the
indices, so 3.125 bits per weight is the full stored footprint.

The instruction loads the compressed weights into the collector buffer. The Tensor Core
can hold them there and reuse them across a run of activation tiles. This is a weight
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stationary pattern. The mode also has limits as it does not support transpose of the B

matrix.

The block-scaled formats, NVFP4 and MXFP, also decompress inside the MMA. But they
apply one uniform scale per block, not a codebook. Software methods like AWQ reach low

bit counts by running a separate dequantization step before the matmul, Rubin is the first

NVIDIA Tensor Core input format that reconstructs a non-uniform codebook inside the
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A lower bit rate cuts the HBM capacity that the weights need. It also cuts the bytes that the

GPU reads for each weight. At low batch size, weight bandwidth limits the decode step.

Fewer bytes per weight then raise decode throughput. A non-uniform codebook also holds

accuracy better than uniform rounding at the same bit count. This feature should also have

an impact on power efficiency, as fewer bits will need to move through the memory system

for each flop.

Using Kimi K3 2.8T as an example, at about 4.5 bits per weight, MXFP4 stores 2.8e12 x
4.25/ 8 = about 1,4875 GB, where GB = 1e9 bytes. At 3.125 bits per weight, the Rubin
lookup-table format stores 2.8e12 x 3.125 / 8 = about 1,094 GB (about 1.09 TB). The
difference is about 393.5 GB. These figures cover the raw weight payload only, and

exclude the KV cache, activations, and any parallelism replication. At 288 GB of HBM4 per

Rubin package, the weights alone need about 6 packages in NVFP4 and about 4

packages in the new Rubin format.

Feynman Architecture Sneak Peak

From Blackwell (SM100)/Blackwell Ultra to Rubin (SM107), the jump is relatively small in
terms of the microarchitecture, so Rubin can be thought of as a Blackwell kicker

architecture. In comparison, Feynman (sm_140) is a completely new architecture family.

This will require rewriting lots of kernels from Rubin to Feynman, which is similar to what
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happened from Hopper WGMMA to Blackwell tcgen05. Our Accelerator & HBM Model
provides a full breakdown of Feynman quarter by quarter volume estimates.

Feynman’s 3D stacking will be similar to what AMD has been doing with 3D stacking since
their MI300X with CDNAS.

One of the new features of the Feynman architecture is that it will contain sparsity aware
data movement ops. These can be used in sparse GEMMs to improve performance by
avoiding pointless loads, stores and FMAs.

o LUYyw | LLUSL . PEiTLINTAauU Pallitiviicu Yivayaniaicu 2 v 1 ivisoaivad

o NVFP4/FP8 scale factors mirror this: tAgSFA | tAsSFA, tBgSFB [ tBsSFB
» tC.. : Computefepilogue path for C/Acc

o tCgA [ tCgB [ tCgC : per-thread partitions used by MMA/epilogue (derived from global tensors)

o tCrA [ tCrB : per-thread fragments used by MMA (derived from SMEM A/B)

o tCtAcc : per-thread accumulator fragment/layout in TMEM

o Additional tCx tensors follow the same schema for kernels that carry more than the classical A/B/C/Acc
operands (see Operands and roles below): e.g. tCtState / tCtQState [ tCtShared (gated-delta-net
recurrent state in TMEM), tCrvalpha / tCrVbeta [/ tCrVbias (EVT/EFC broadcast vectors in registers),
tCtAccInter [ tCtAccIntra (hierarchical accumulators)

Sparse GEMM additionally defines tCtE for the sparsity metadata tensor in TMEM (sm_140 / Feynman
sparse GEMM, not yet released)

o

e tTM.. : Per-thread TMEM tiled-copy partitions used by FMHA/attention kernels (e.g. tTMr0 as the register-
side view of a TMEM load partitioned through thr_tmem_load )

Nuances of CoreWeave VR NVL72
Results

Yesterday, CoreWeave published their benchmarked Vera Rubin NVL72 Inference results
expressed in units of performance (tokens/sec) per power used (MW). We will break down
the nuances of their data and compare their results against Blackwell’'s performance using
our own InferenceX July 2026 results as a baseline.
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First Measured Performance S e e
of NVI DIA Vera RUbin NVL72 —@— VeraRubin NVL72 on DeepSeek R1 (July 2026)

10x Improvement in TPS/MW

*Inference optimizations enabled

800,000 TPS/MW

TPS/MW

80,000 TPS/MW

(o] 50 100 150 200 250 300 350 400 450 C‘ll
TPS/User

Source: CoreWeave

The first notable claim on the CoreWeave-Nvidia chart is that VR NVL72 achieves 10x
better token throughput per megawatt than GB200 NVL72 at the iso-interactivity of ~150
tok/s/user. This is about 50% faster than today’s “fast mode” on frontier models.

Three things about their chart. The benchmark is single-turn, 8k in and 1k out. The y-axis
is output token throughput per megawatt, not total throughput. And their power number
covers both prefill and decode GPUs, even though only output tokens are counted.
InferenceX measures output throughput against decode GPU watts only, so we
renormalized our data to match theirs for this comparison.

It is important to point out that CoreWeave claims to have enabled all of the following
inference optimizations on both their baseline GB200 NVL72 and Rubin NVL72
performance results, including but not limited to:

NVFP4 Precision

e Speculative Decoding (Using MTP)

o Disaggregated Serving (Using Dynamo)
o Wide Expert Parallelism

e via TensorRT-LLM
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What this performance improvement really means

This evaluation compares the performance on each platform with all major, state-of-the-art inference
optimizations turned on. These include large-scale expert parallelism, NVFP4 precision, multi-token prediction,
and disaggregated prefilland decode, all enabled using NVIDIA TensorRT-LLM and NVIDIA Dynamo.

At similarinteractivity targets, Vera Rubin NVL72 delivers an order-of-magnitude improvement in token
throughput per megawatt, empowering Core\Weave customers to run far more reasoning-model traffic within
the same power budget or run the same traffic on farless power. That means lower cost-per-token and more
room to scale at the same infrastructure investment, which is beneficial for agentic workloads that call tools and
reason across many steps.

Source: CoreWeave

The above results seem to suggest that Rubin comes to market with a strong performance
gain vs Blackwell out of the gate. However, there are a few nuances that are worth
unpacking.

First, attentive readers will note that CoreWeave is comparing Rubin against a GB200
NVL72 2025 baseline. In some ways, comparing performance at the early stages of
GB200 NVL72’s lifecycle is fair, since Rubin performance is expected to massively
improve from this early stage in its own lifecycle. Our analysis will also use the GB200
NVL72 early performance results from 2025, but we also compare how GB200 NVL72 did
by 2026 as well as the most current GPU worth comparing to: GB300 NVL72. We will
directly compare GB300 NVL72 performance from early in 2026 with Rubin’s comparable
early lifecycle performance.

—{)— GB200NVL72 (2025 Baseline)
—&@— VeraRubinNVL72 on DeepSeek R1(July 2026)

Source: CoreWeave

The second nuance in CoreWeave’s performance results is that they are using DeepSeek
R1 671B, a model that is not widely used anymore. One would perhaps wish that
CoreWeave used a more modern model like GLM5.2, Kimi K2.5, Qwen3.5, or DeepSeek
V4. Even better would be Kimi K3 or Qwen3.8, both of which are coming_soon to
InferenceX! At least CoreWeave is not using GPTOSS 120B in Summer 2026 like AMD is
for M1455X UALOE72 performance metrics. We expect that the fog of war created by
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benchmarking old models will be cleared up once Nvidia starts benchmarking Rubin on
more modern model architectures with InferenceX in Q3 CY2026.

Oddly enough, CoreWeave's choice of using DeepSeek R1 671B is theoretically more
favourable towards the Blackwell baseline, and not Rubin. Rubin’s main advantages lie in
a higher HBM capacity, higher CPU DRAM capacity, and greater HBM bandwidth,
meaning that Rubin is more optimized for multi-trillion parameter models like Fable 5,
Gemini Pro, Kimi K3, and Qwen3.8 2.4T.

The third noteworthy item is that CoreWeave uses only single turn 8k/1k input/output
tokens. Theoretically, multi-turn long context workloads like Agentic Coding should do
better on Rubin, due to Rubin’s higher HBM capacity and bandwidth, but this would not be
captured on a simple single-turn benchmark. Our upcoming AgentX benchmark scenario
created in collaboration with Weka, LMCache,_the vLLM/SGLang_community, Nvidia, AMD,

and many others in the community will provide a realistic agentic workload to benchmark

inference performance. We encourage everyone to adopt this inference benchmark!

Finally, we note that CoreWeave'’s testing was done on a pre-production rack without a
scale-out fabric. Specifically, CoreWeave used a Dell Engineering Sample (ES) rack. We
do believe these results are valuable as they use wide EP and PD disagg, which uses the
NVL72 scale-up backplane and proves that it is working well. This backplane faced many
reliability challenges during the ramp of GB200 NVL72 Oberon, as we have noted in our

Accelerator model.
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Rubin Versus Blackwell Performance per

MegaWatt
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The metric Nvidia chose to lead with was “output tokens per second per all-in utility
megawatt”, counting every GPU in the system. To compare apples-to-apples, we
renormalize our own InferenceX benchmark data onto the same total-GPU basis. Below,
we put VR NVL72 up against our official GB200 and GB300 July 2026 benchmarks, as
well as CoreWeave’s 2025 GB200 baseline.

The eye-catching multiples in Nvidia’s charts all come from the 2025 baseline. When
comparing benchmark data, we believe we should use figures from the same time period,
so the July 2026 GB200 and GB300 benchmarks are the more useful comparison.

In theory, datacenter PUE can be lower for Vera Rubin since Vera Rubin can operate with

45 degrees Celsius coolant temperatures in custom datacenters without chillers. However,
for our comparisons, since most datacenters are designed to accommodate a wide variety
of systems, we use the same PUE across the DLC cooled chips.

The following pareto curves plot output throughput per total-GPU megawatt against
interactivity. Each line stops where its recipe’s frontier ends.

Output Token Throughput per All in Utility MW vs. Interactivity
DeepSeek R1 0528 671 - FP4 - BK [ 1K - Updated: 05/31/2026

All in Power/GPU: | GB200: 2168kW | | GB300: 2.553kW | VR: 3.337kW

Source: i iz D: Inclustry Maodel

Note: Output tokens are calculated as output tokens per total GPU (ie. prefill + decode GPLU).
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Next, we provide the same data in table form. When a cell says "impossible," we mean
that the interactivity is past that recipe's frontier, simply not allowing the configuration to
serve that workload at that speed.
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Interactivity (tok/s/user) 50 100 150 200 250 300 350

GB200 NVL72 (July 2026) 705,543 558,569 287,289 77.218 36,394 impossible impossible
GB300 NVL72 (July 2026) 707,037 517,848 305,023 66,799 37049 17,892 impossible
CoreWeave GB200 (2025) 500,000 300,000 71224 50,000 39123 impossible impossible
CoreWeave Vera Rubin (July 2026) 1,330,000 115,625 786,208 300,000 140,264 96,446 70,703
Rubin vs GB200 1.89x 2.00x 2.74% 3.89x 3.85x = =

Rubin vs GB300 1.88x% 215% 2.58x% 4.49x 3.79x 5.39x -

Rubin vs CW GB200 (2025) 266x 372x 10.18x 6.00x 3.59x = =

Source: SemiAnalysis

Here is the same frontier as bars, across the 100 to 300 tok/s/user band. All four recipes
have data through 250 tok/s/user, and only Rubin and GB300 make it to 300 tok/s/user.

Output Token Throughput per All-in Utility MW

tok/s/ MW

36k 3Tk 30k

Interactivity (tok/s/user)

@ GB200 NVL72 (July 2026) @ GB300 NVL72 (July 2026) @ CoreWeave GB200 (2025) @ CoreWeave Vera Rubin (July 2026)

Source: SemiAnalysis

Let’s first compare Rubin against the July 2026 GB300 NVL72 baseline. Rubin’s lead is
smallest at low interactivity and continues growing through the middle of the interactivity
curve. Rubin sits at near 2x the throughput as Blackwell up through 100 tok/s/user, then
widens to roughly 4x around 200 tok/s/user, where the gap peaks. Then, the gap begins to
narrow again. The headline 5.4x performance gain over GB300 at 300 tok/s/user isn’t
Rubin pulling further ahead. Rather, it is GB300 running the last, barely viable point on its
frontier, which causes the ratio to balloon. GB200 can’t reach 300 tok/s/user at all.
Blackwell’s per-GPU throughput drops off fast as the batch shrinks at high interactivity,
while Rubin is still on a flatter part of its frontier.

Comparing Rubin against the 2025 GB200 NVL72 baseline is different, showing the
biggest lead in the middle of the curve. The gap starts at under 3x at low speeds, but
increasings to about 10x at 150 tok/s/user (the point Nvidia highlights in their chart), before
falling back to 6x at around 200 tok/s/user. The data from that line is accurate, but as we
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have mentioned it use a software stack that is a year-old, not the GB200 you would run
today.

At the very top of the interactivity range, the Blackwell curves drop off. By 350 tok/s/user,
neither GB200 nor GB300 can serve the workloads at all, leaving only Rubin with an
actual curve, delivering 96,446 tok/s/MW at 300 tok/s/user and 70,703 at 350 tok/s/user.

Clearly, Rubin is going to give us a lot more “fast mode” than Blackwell.

Rubin Versus Blackwell Performance per
TCO

Per-megawatt performance only counts performance against power. Cost per million
output tokens folds in the hardware’s total cost of ownership (TCO) including IT capital

costs as well as electricity and datacenter costs. Our TCO model breaks this down
comprehensively, providing_capital costs and operating_costs across server generations.

Here, we divide each SKU's all-in TCO by that same renormalized output throughput, so
lower is better. Rubin carries a higher TCO per GPU than Blackwell, $3.57 per GPU-hour
against $1.84 for GB200 and $2.36 for GB300 in the operator ownership scenario (not
rental prices). The charts and tables below will show how Rubin’s $ per token lead comes
out a little smaller than its per-megawatt lead.

SKU All-in power/GPU TCO $/GPU/hr
GB200 NVL72 2168 kW (1,885 W x 115 PUE) 4 / 2 $1.84
GB300 NVL72 2.553 kW (2,220 W x 115 PUE) ¥ $2.36
Vera Rubin NVL72 3.337 kW (2,902 W = 115 PUE) N & 4 $3.57

Source: TCO Model

As with the per-MW analysis, the 2025 GB200 baseline produces the largest gains in
performance for Rubin, but the July 2026 GB200 and GB300 numbers are the more
relevant baseline for comparison for anyone buying capacity today.

The following pareto curves plot cost per million output tokens against interactivity. Each
line stops where its recipe’s frontier ends.
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Cost per Million Output Tokens (Owning - Hyperscaler) vs. Interactivity
DeepSeek R1 0528 671 - FP4 - BK [ 1K - Updated: 05/31/2026

TCO $/GPU/hr: | GB200:1.84 | | GB300:2.36 | VR:3.57

Source: Semifnalysis Market August 2025 Pricing Surveys & Al Cloud TEO Madel

| Note: Cost per million output tokens is calculated per total GFU (i.e, prefill + decode GPU), so it includes the prefill GPU cost.
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Next, we provide the same data in table form, with the ratio showing how many times
cheaper Rubin is at each interactivity. Again, a cell marked "impossible"” is a speed that the
recipe's frontier can't reach.

Interactivity (tok/sfuser) 50 100 150 200 250 300 350
GB200 NVL72 (July 2028) $0.333 $0423 $0.799 $3.016 $6.471 impossible impossible
GB300 NVL72 (July 2026) $0.364 $0.497 $0.842 $3.837 $6.859 $15.456 impossible
CoreWeave GB200 (2025) $0.472 $0786 $3.048 $4.715 $6.013 impossible impossible
CoreWeave Vera Rubin (July 2026) . - i.;.‘ - $0.223 $0.266 $0.378 $0.991 $2.099 $3.076 $4179
GB200 / Rubin -1.:__ [ > 1.49x 159x 21 304x 308x - -
GB300 / Rubin 4 163x 1.87x 2.23x 3.87x 3.27x 5.03x% =

\ /
CW GB200 (2025) { Rubin NG 212x 2895x 8.06x 476x 2.86x - -

Source: SemiAnalysis, TCO Model

The chart below plots the frontier as bars across the 100 to 300 tok/s/user band. All four
recipes have data through 250 tok/s/user, and only Rubin and GB300 reach 300
tok/s/user.
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Against July 2026 GB200 & GB300, Rubin is cheaper at every interactivity, and the gap
widens as you climb. The gap starts at about 1.5x cheaper than GB200 through 100
tok/s/user, and improves to 3x by 200 tok/s/user through to 250 tok/s/user. The 5x edge
over GB300 at 300 tok/s/user is the same as the per-MW view, where GB300 can barely
serve tokens and GB200 can’t serve at this interactivity level at all.

The 2025 GB200 NVL72 baseline is once again the more dramatic one, cresting in the
middle of the curve. Rubin is a little over 2x cheaper at low speeds, peaks near 8x at 150
tok/s/user, and then moves back to 5x by 200 tok/s/user. Same comment as on the per-
MW version: the 2025 GB200 baseline measures a year-old software stack, not the
GB200 you would run today.

At the very top of the range, things are the same. GB200 has no operating point past 250
tok/s/user and GB300 has none past 300 tok/s/user, so by 350 tok/s/user only Rubin can
serve at all, delivering a cost of $4.18 per million output tokens.

Below the paywall, we will continue breaking down Rubin’s performance as compared to
the best-known publicly available MI355X distributed inferencing performance. We also
briefly analyze how the Triton Compiler, PyTorch, vLLM, and Dynamo software will function
on Rubin.

Rubin NVL72 PD Disagg
Performance Compared to MI355X
PD Disagg

MI355X’s best figures for DeepSeek R1 are currently invalid due to an accuracy issue on

SGLang: the MoRI EP decode path silently corrupts output at low concurrency, collapsing
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gsm8k to 0 while the server still generates tokens at full throughput.

& sgl-project / sglang ' Public

<> Code () Issues 716 11 Pull requests 3.8k 1) Discussions (») Actions () Security and quality |~ Insights

moe_kernels.py, stage-2 reduce path: small
SGLANG_MORI_NUM_MAX_DISPATCH_TOKENS_PER_RANK
silently corrupts output (gsm8k=0) at low concurrency #27194

.'_‘., Oseltamivir opened on Jun 4 Last edited by Oseltamivir v +++

Summary
On the MoRI expert-parallel backend, a small SGLANG_MORI_NUM_MAX DISPATCH_TOKENS PER_RANK silently corrupts decode output —
the model still generates fluent-looking tokens (speculative acceptance length stays high), but the content is semantically wrong and

gsm&k drops to 0.00. The value is forwarded to MoRI's max_num_inp_token_per_rank with no minimumjvalidation, so configs that
legitimately produce a small per-rank dispatch buffer (low concurrency x dp-attention x MTP) hit it with no error or warning.

This is a silent correctness bug: nothing crashes, throughput even looks marginally better, so it is easy to ship a broken Pareto point.

Source: SGLang

The bug is in AITER's FlyDSL MoE reduce path, where the reduce intermediate is
allocated uninitialized. In EP mode, gemm2 only fills the local expert slots, so the non-local
slots stay garbage. torch.sum then folds that garbage into the output as NaN.

Because only the M=1024 tuning bucket selects that reduce kernel (with other buckets
using a zero-initialized atomic accumulate), the corruption hits a narrow band of low-
concurrency configs while mid/high concurrency stays clean. A fix restores concurrency
64, but concurrency <32 still fails because the sub-1024 M-buckets were not covered.
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Output Token Throughput per All in Utility MW vs. Interactivity
DeepSeek R1 0528 6718 - FP4, Unknown - BK [ 1K - Source: Semifinalysis - Updated: 07/01/2026

All in Power/GPU: | GB200: 2.168kW = | GB300: 2.553kW | VR:3.337kW | MI355X: 209kW

Source: i iz 0. Inclustry Mocel

Note: Output tokens are calculated as output tokens per total GPU (ie. prefill + decode GPLU).

@ VR NVL72 (CoreWeave)

LGH ] [ @ MI355K (MoRI SGLang, MTP) | @ GB300 NVL72 (Dynamo TRTLLM, MTP)
| Accuracy issues — filed since Jun 4 2026 - sgl-project/igling #7664 | @ GB200 NVLT2 (CoreWeave)
— /
® VRNVLT2 (CoreWeave) ] ® GB200 NVL72 (Dynamo TRTLLM, MTP)
140 External dota supplied by CoreWeave; not independently verified by Semifnalysis | @ MI355% (MoRI SGLang)

® MI355X (MoRI SGLang, MTP)
& GB200 NVL2 (CoreWeave)
External data supplied by C not by

@ FP4 B Unknown

BO0k

W GBIOD NVLT2 (Dyname TRTLL!, MTP) FRd
800k

GB200 NVL7Z (CoreWeave) FF4

MI35EX (MoR SGLang) FP4
400k S

Output Token Throughput per Allin Utility MW (tok/s/MW)

200k -

T T T T T
50 w0y 150 200 250 300 350 400 450 500

Interactivity (tok/sfuser)

InterenceX — github.com/SemianalysisAlinterancex

Source: InferenceX

Compared against the MTP version at an interactivity of 50 tok/s/user, MI355X is able to
reach 434,235 Output tokens per all-in utility MW, compared to VR NVL72’s
1,330,000(3.06x), whereas the non-MTP config reaches about 32,000(0.074x).

At a higher interactivity of 135 tok/s/user, MTP MI355X reaches 187,848 Output tokens per
MW, compared to VR NVL72’s ~886,000(4.72x) and non-MTP config’s ~6,000(0.032x).

Still, it is interesting to see results where current MI355X is outperforming last year’s
GB200 NVL72 performance that CoreWeave is using in their marketing materials.

Rubin PyTorch, Rubin vLLM, Rubin
Triton Compiler Support

Rubin support has already been merged into OpenAl Triton.
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O triton-lang / triton - Q Type[/]to sear

Code () Issues 877 I Pullrequests 300 &2 Agents ©J Discussions () Actions [ Projects [0 wiki ) Security and quality |22 Ir

[NVIDIA] Initial support for Rubin #10936

iod "G L ) ThomasRaoux merged & commits into main from rubin-support-main 2 4 days ago

LA Conversation 2 -o- Commits & [} Checks 10 [®) Files changed 27

@ masahi commented 4 days ago - edited - Collaborator | *+* Reviewers
. lezcano
This is the first PR to add Rubin support to Triton - the basic structural enablement and key tcgen05 MMA ® Thomasl
enhancements:
peterbel
* Increase SMEM capacity per SM to 328KB ptillet
+ Increase TMEM capacity per SM to 288KB
» 2x MMA throughput increase for FP8 and FP4 Assignees
+ B buffer reuse No one assigr
See the updated PTX documentaticn for the details on Rubin features.
https://docs.nvidia.com/cuda/developer-preview/13.4/parallel-thread-executionfindex.htmil Labels
Mone yet
Rubin enablement has been a collaborative effort between NVIDIA and Openal from the following contributors:
NVIDIA Projects
Masahiro Masuda @masahi None yet

Evghenii Gaburov @3gx
Clive Unger @CliveUnger

Source: Triton

Furthermore, upstream PyTorch & vLLM has gained or in the process of gaining support
for Rubin thanks to engineers at RedHat & Nvidia engineers.

O viim-project / vim - Q Type /] to sez

ade () Issues 2k Il Pullrequests 3.9k &y Agents ) Discussions () Actions [ Projects @) Security and quality 54 [ Insight:

Add sm_107 for Rubin #4938/

p9Ys .U tirmchismth wants to merge 1 commit into vilm-projectimain from tlrmchlsmth:sm_107 il

L) Conversation 0 o Commits 1 [l Checks 9 [®) Files changed &

ﬂ tirmchlsmth commented 3 hours ago Member  *+* Reviewers
3 claude|
Summary “. LucasW
& Harry-{
« enable CUDA 13.4's native SM107 target for Vera Rubin At least 1 ap|
« allow SM107 to reuse compatible SM100-family kernels across the CUDA, DeepGEMM, FlashMLA, and QUTLASS request.
builds
N N . . Still in progr
= resolve exact architecture matches before family fallbacks, preventing 1e.0f from masking 18.7f
This follows PyTorch #190654. | also checked its review feedback and mirrored the corrected boundaries here: CUDA Assi
. ssignees
13.4 is included with VERSION_GREATER_EQUAL , and SM107 handling does not overwrite other architecture selections. 9
Mo one assic
For interim validation, PyTorch CI produced torch-2.14.0a@+git90e4943 from the PR head, and that branch pins Triton
commit 4774139fe59ed@aladbddB590a41f5295ad7d5eb | available from the official PyTorch nightly index as Labels
triton==3.8.08+g1t4774139f . This PR does not permanently pin the Cl wheel because the artifact is expiring and —
CPython 3.10-only; using the PyTorch Git branch directly would require building PyTorch from source. Gl ‘
Duplicate-work check Projects
A siira

Source: VLLM
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O pytorch | pytorch - Q Type [/] to search

ode (2 Issues Sk+ {1 Pullrequests 2.8k & Agents  (® Actions [0 Projects [0 wiki @ Security and quality 8 [~ Insights

Add sm_107 for Rubin support #190654

I Ll Aidyn-A wants to merge 2 commits into pytorch:main from Aidyn-A:add_sm_167 i

C) Conversation 4 o Commits 2 [l checks 176 [ Files changed 4

e Aidyn-A commented 20 hours ago - edited by pytorch-bot Bot  « Collaborator =~ *=* Reviewers
o ezyang
The CUDA 13.4 adds support for the NVIDIA Rubin Architecture (compute capability 10.7). e fmassa
This PR add some sm_107 to various places, so PyTorch is Rubin aware. 3 malfet
2 eqy
-

Important: we do not need to specifically compile with sm_107 arch flag for the releases, since sm_107 instructions are

compatible with sm_18@ (justlike sm_103 ). Stillin progress? Lear

cc @voznesenskym @penguinwu @EikanWang @jgong5 @Guobing-Chen @XiaobingSuper @zhuhaozhe @blzheng

@wenzhe-nrv @jiayisunx @ipiszy @kadeng @muchulee8 @amjames @chauhang @aakhundov @coconutruben Assignees
@jataylo @ Ahidyn-a
@ (#2
Labels
module: inductor
<o @ Add sn_107 X 62a6394
Projects
- E - . + - - . e . . .

Source: Pytorch

As we see from public PRs on Dynamo, an internal Dynamo branch with Rubin support is
referenced.

) ai-dynamo | dynamo - Q. Type [7] to search {

e (@ Issues 207 [ Pullrequests 672 &) Agents U Discussions () Actions & Security and quality |~ Insights

test(lora): skip MinlO-backed LoRA tests when Docker is unavailable vie
#11546

IONCTTUE tzulingk wants to merge 1 commit into main from forward-port/rubin-test-skips 2

) Conversation 3 - Commits 1 [l Checks 95 Files changed 1

: | E tzulingk commented 2 weeks ago - edited by coderabbital 8ot - Contributor  =++ Reviewecs
L] % devin-ai-integration[k
Overview: % nv-kmegills3

Forward-port of a general test-robustness fix that currently lives only on the internal rubin-devel branch: the +1more reviewer

minio_lera_service fixture raised RuntimeErrer — a hard job failure — when neither a pre-started MinlO nor a Docker #! dynamo-review-ag
daemon was available, instead of skipping. On Docker-less Cl runners this turns an environment gap into a red job. At least 1 approving review |
request.
Details:
Still in progress? Learn aboy
tests/serve/lora_utils.py 's MinieService.start() now calls pytest.skip(...) when _is_docker_available() is
False (no already-running MinlQ and no Docker daemon) — consistent with the module's "pre-started MinlQ in CI /
auto-start Docker locally” contract. Where Docker is available it behaves exactly as before (starts the container; still Assignees
raises if the container itself genuinely fails to start), so this is a no-op on normal runners. Mo ene assigned

Why it matters: on executors without Docker (Slurmfenroot, and the Rubin bring-up images that run pytest inside a
container) test_lora_sggregated_router errored at setup and failed the whole job. This fix already exists on rubin-
devel ; forward-porting to main so it benefits all Docker-less Cl — and reaches the Rubin images, which clone main for - @
their test code.

Labels

Source: Dynamo

VR NVL72 Power Budget
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We model the VR NVL72 as landing around ~185kW server-level power (excludes
networking), for the Max-Q configuration with a TDP of 1,800W and with the latest
SOCAMM configuration which we detailed in our institutional research for the Al TCO

model and our memory model last month. More details on BOM pricing can be found in
our VR NVL72 BoM Model.

BoM and Power Budget Summary

Extended Extended

Hem Price Power (W)

Total BoM and Power Budget of [VR NVL72] 185,157 W

Nvidia Content

Total Nvidia Content
Compute Tray

Scale Up System

Non-Nvidia Content
Total Non-Nvidia Content

BoM and Power Budget Summary by Item Category

Memaory
Cooling
Power Semi and Electronics

Power Delivery

Internal Connectivity - PCB

Internal Connectivity - Cables, Connectors
Networking - Scale Up

Networking - Scale Out, Front End
Mechanical: Chassis, Railkits, Rack Chassis
Management

Assembly and Testing

1. Assumes TDP of 1,800\ for Rubin.

Source: SemiAnalysis VR NVL72 BoM & Power Budget Model

In our Al Value Capture article, we introduced our framework of the “One Chart to Rule
Them All".

To recap the framework behind this chart, the vertical dotted line on the left of the chart
shows the cost-based approach for GPU rental pricing. This represents the minimum
rental price needed to earn a standard project IRR for neoclouds. Below this minimum
rental price, neoclouds do not meet their minimum IRR hurdle for deployments.

The horizontal dotted line at the top of the chart shows the value-based approach for GPU
rental pricing. This represents the theoretical ceiling for GPU rental pricing, above which,
customers would be indifferent towards the performance improvements in VR NVL72 and
instead opt for older cards.
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From GB300 NVL72, we saw marketed dense FP8 FLOPs scaling from 5,000 TFLOPs to
~16,625 TFLOPs in the 1,800W TDP version and 17,500 TFLOPs in the 2,300W TDP
version, a 2.3x to 2.5x jump in FP8 FLOPs throughput. This drove the high theoretical
maximum rental for VR NVL72 in our chart below.

Taking inference figures into account as per the comparisons above, we see that this
performance jump from GBs to VR NVL72 is justified, and will continue to widen further. As
we mentioned above, comparing VR NVL72 to July 2026 GB200 NVL72 and GB300
NVL72 inference performance, VR NVL72 is cheaper at every interactivity, with the gap in
TCO per million output tokens running at 1.5x cheaper for VR NVL72 over GB200 through
100 tok/s/user, around ~3x for 200 to 250 tok/s/user, and even growing to 5x cheaper at
300 tok/s/user. As we’ve mentioned above, these token throughput figures from VR NVL72
will only continue to improve over time, pushing the throughput gap and performance per
TCO gap wider.

VR NVL72 Rental Price/PFLOP (Marketed FP8 Dense) and Project IRR* vs GPU Rental Price

Maximum VR NVL72 Rental Price/PFLOP of $0.70 to be indifferent to GB300

Stronger Supplier
Bargaining Power

Stronger Neocloud
/ Bargaining Power

=== A0% Hike in Server Price
e CUrrent VR Pricing (Post SOCAMM Hike)

Rental Pirce / PFLOP

]
o
=
a
©
=
=
LF]
o«
2
o
o
1
]
]
o
n

Project IRR of ~15% needed to
achieve the same returns-as GB300

30% 80% 130% 180% 230% 280% 330% 380% 430% 480%
5-Year Project IRR

1. 5-year project IRR with 15% prepay

Source: SemiAnalysis Al TCO Model
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