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Motivation

GPU hardware evolves faster than the
methods used to measure it.

Each recent architecture — Volta, Turing,
Hopper — has needed fresh
microbenchmarking to expose what vendor
documentation leaves out.

Blackwell is the largest break in years, and
public characterization hasn't caught up.
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Il - MOTIVATION

Motivation 3/15

The B200 reshapes how kernels should be

) Generation Tensor
written. 5 t Cores

tcgen05.mma PTX path
The B200 adds several major changes: a dual-chip
design, Tensor Memory, a hardware
decompression engine, and new sub-byte FP4 Sub-byte precision
precisions. Public characterization hasn't caught Zope
up with the hardware.

Without measured numbers, it's hard to tell TMEM Tensor l;)/!emory .
which features matter for a given workload. new on-chip storage tier
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Il - PROBLEM

Open questions for Blackwell 4/15

Three concrete questions remain about the B200's new units.

1. What do TMEM, the DE, and dual-chip layout cost?

No public reference numbers exist for any of them.

2. What is the accuracy cost of FP4 and FP6?

Throughput is well documented. Accuracy on real kernels is not.

3. How does tcgen05.mma change kernel design vs. wgmma?

The shift from warp-group to warp-level execution requires restructuring GEMM kernels.
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Contributions

In this work, we present:

C1

An open-source
microbenchmark suite for
B200

covering tensor cores, TMEM,
the decompression engine, and
precisions.

tcgen05.mma latency and
throughput

latency, tile-size scaling, and
warp-level execution
implications.

C2

Cs

TMEM behavior on
GEMM-heavy workloads

how TMEM offloads pressure
from registers and shared
memory.

FP4 / FP6 throughput vs
accuracy

throughput gains against
accuracy loss on real kernels.

Cé6

CONTRIBUTIONS
5/15

Decompression engine
(DE) characterization

throughput across formats and
where it helps in practice.

Case studies on real
workloads

LLM inference and training plus
HPC kernels, with porting
guidelines.
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IV.. BACKGROUND

Background: Blackwell B200 6/15

Key architectural advances

Dual-chip design

Two reticle-limited dies fused via high-bandwidth NV-
HBI interconnect.

Tensor Memory (TMEM)

On-chip storage tier purpose-built for tensor-core
operands and accumulators.

5th-gen Tensor Cores

Warp-level tcgen05.mma replaces warp-group
wgmma; new pipeline semantics.

HBM3e - ~8 TB/s aggregate bandwidth Hardware decompression

Dedicated engine for compressed memory streams to
relieve bandwidth pressure.

FP4 / FP6 precisions

Sub-byte tensor types alongside FP8 to push
throughput on attention & GEMM.

FIG. 1 — simplified B200 package layout.
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V - METHODOLOGY

Methodology 715

o o @ @

Targeted kernels Dependency chains Sweep & compare Full-app studies

Carry-chain microbenchmarks Vary tile, precision, and
isolate single-instruction footprint; A/B against H200,
latency. same toolkit.

Mistral, ResNet-50, GPT-1.3B,
DGEMM, SpMV, STREAM.

PTX-level probes for memory,
tensor, and DE paths.
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V - METHODOLOGY

Implementation 5/15

How the suite is built and run:

01 Software stack 02 Measurement protocol
CUDA 12.6 / driver 560; 10-iter warmup, 100-iter
PyTorch 2.4 + Transformer average (1000 on the DE);
Engine, nvCOMP, and custom median, P95, and P99 on
FP64 kernels. latency.

03 Validation 04 Reproducibility
PTX checked against SASS; Open-source suite on GitHub;
Nsight Compute counters for identical toolchain on B200 and
stalls, utilization, L2 hit rates. H200 over shared HBM3e.
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VI - RESULT - TENSOR CORES

tcgen05.mma vs Hopper wgmma 9/15

Cycles per instruction
140 - 132
120 -
100 A
80 -
60 -

Blackwell holds latency at 11 cycles

across tile sizes
102

Hopper wgmma scales from 38 to
132 cycles

78

56

38

Speedup ranges from 2.9x to 11.2x, 40 -

growing with tile size 20 1
0 A
Measu red Wlth an FP16 64x8 64x16 64x32 64x64 64x128
4
accumulator-carried dependency M Hopper (wgmma) M Blackwell (tcgen05)
chain FIG. 2 —single-instruction latency vs tile size.

On Blackwell, tile size affects throughput, not per-instruction latency.
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VI - RESULT - MEMORY

Tensor Memory in the GEMM pipeline 10/15
Memory hierarchy (B200) Observations
Registers / Operand cache  fastest 256 KB per SM
Dedicated 2D array: 512 columns x 128 lanes of 32-bit
Ils.
TMEM (new) operand + accum cers

64x64 tile sweet spot
Peak efficiency at 64x64; 16 TB/s read bandwidth in

Shared memory (SMEM) per-SM chained ops.
die-shared ~12 TB/s traffic avoided
L2 cache te-share For chained matmuls D = (A-B)-C, keeping intermediates
in TMEM avoids that much off-chip traffic per SM.
HBM3e global

1.65x attention block speedup
Fused attention: 284 us on B200 vs 468 ps on H200
(Table X).

FIG. 3 — TMEM's position in the memory hierarchy.
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Vi

Hardware decompression engine (DE)

RESULT - DE
11/15

Modified data path DE throughput across formats - GB/s (illustrative)
1200 +
SMEM /
HBM3e » DE TMEM > Tensor Core 1010
1000 940
800 - 760
Findings
i Helps memory-bound kernels (inference attention, 600
embedding lookups, sparse tables).
ii. Throughput varies across compression formats. 400 -
itl. Diminishing returns when the kernel is compute-bound. 200 -
0

S

nappy deflate

FIG. 5 — DEthroughput by format.
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VI - RESULT - PRECISION

FP4 / FP6: throughput vs accuracy 12/15

Relative tensor throughput (FP16 = 1.00x) Accuracy preservation
101% | 100.0% 99.4%
FP4 4.0x
99% -
| 97.5%
97% -
1 93% -
92.0%
1 89% -
FP16 _ 1.0 87% 1
T T T T T 1 850A) T T T 1
0x 1x 2x 3x 4x 5x FP16 FP8 FP6 FP4
FIG. 4a — throughput by precision. FIG. 4b — accuracy by precision.

FP4 unlocks new model scales on a single GPU.
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VI - RESULT - CASE STUDIES

Case studies: B200 vs H200 13/15

5peedup over H200 Same precision (architecture)
M cross precision (FP4 on B200) Pe r-wo rkload notes
Mistral-7B inf i
kb 000000 000 [xo FP4 path
i TR M farsno 1.58x o Cross-precision wins (2.5-2.7x) come
from B200 FP4 vs H200 FP16.
Attention block 1.65x%
TMEM
HPC DGEMM (FP64) 1.92x 1.65x% attention block: Q-K" stays
resident across softmax.
ResNet-50 training 1.85%

FP64 units
GPT-1.3B training 1.55x 1.92x DGEMM: doubled FP64 path,
separate from tcgen05.

SpMV (compressed) 1.58x
Decompression eng.
0.0x 0.5x% 1.0% 1.5% 2.0x 2.5% 3.0% .
1.58x SpMV: removes software inflate
FIG. 6 — measured onB200 vs H200, paper Tables VIll/X/XI. overhead.

Same precision: 1.5—1.9x from architecture alone. Cross precision: 2.5—2.7x unlocked by FP4 on B200.
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Performance guidelines for B200

o1

03

05

Tile size affects throughput, not latency

tcgen05.mma latency is flat across tile sizes.
Pick tiles to feed the pipeline.

Choose precision per tensor

FP6 often dominates on attention; FP8 still
wins on weight-heavy GEMM.

Re-derive your roofline

Hopper-era roofline assumptions don't hold
with dual-chip and new precisions.

o2

04

06

VIl - TAKEAWAYS
14/ 15

Plan TMEM lifetime alongside SMEM

Schedule accumulators in TMEM,; reserve
SMEM for staging the next operand tile.

Use the DE for memory-bound regions

Compressed weight streams help in
bandwidth-limited kernels.

Benchmark both dies

Cross-die traffic via NV-HBI shows up in
placement-sensitive workloads.
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CONCLUSION

Blackwell changes the GPU pipeline. s

® Open-source microbenchmark suite for the B200
® Measured TMEM, tcgen05, DE, and FP4 / FP6 trade-offs

® Guidelines for porting workloads from Hopper
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