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1 Introduction

As model parameters continue to grow dramatically in size, even
with kernel engineering optimizations [10, 24] and KV-cache com-
pression [22, 23] techniques, low-precision Quantization-Aware
Training (QAT) [2, 7] and Post-Training Quantization (PTQ) [13, 21]
schemes remain the most effective solution for serving models [9].
To this end, multiple recent works proposing custom Microscaling
(MX) formats and quantization schemes such as AMXFP4 [12], MX+
[11], BlockDialect [8], RaZeR [3], Four Over Six [4], and IF4 [5] have
emerged dedicated to pushing the Quantization-Perplexity Pareto
Frontier beyond the industry-adopted Open Compute Project (OCP)
MX formats [6, 15, 16]. However, the hardware evaluations for the
majority of these formats are limited to MAC Unit prototypes in-
tended to be plugged into DNN accelerators’ Systolic Array PEs. On
the other hand, most block-quantized training and inference recipes
and software stacks are being developed from the perspective of
NVIDIA Blackwell [14] and AMD CDNA4 [1] GPU Tensor Cores,
as they are currently the only commercially available hardware
with native MX format acceleration.

To bridge this gap, we propose RoadBlock, an open-source
framework! for accurate end-to-end modeling and evaluation of
custom MX formats and their unconventional quantization schemes
in Tensor Core Units (TCUs), built on top of the highly flexible and
programmable RISC-V extended Vortex GPGPU [19] platform. Key
contributions of this work are summarized as follows:

e RoadBlock enables custom MX format design space explo-
ration by exposing data size (d), scale factor size (w), and
block size (k) as configurable parameters, covering compres-
sion ratio, block-level granularity, multi-level scaling hier-
archies, and their impact on metadata overhead, arithmetic
intensity, and compute/memory bandwidth utilization in a
GPU Tensor Core setting.

e RoadBlock automatically derives the tile dimensions of
scale-factor metadata and indexing using generalized equa-
tions for any given format and threads/warp count.

e RoadBlock proposes a lightweight metadata-register TCU-
SRAM duplication methodology for transferring metadata
from global memory (GMEM) to the TCU Fused Dot Product
grid directly, overcoming obstacles present on currently
available GPUs.

2 RoadBlock Microarchitecture

Fig. 1 shows a top-level overview of the extensions RoadBlock
makes to a Vortex GPGPU SIMT Sub-Core to support custom MX
formats in its Tensor Cores.

1Source code available at https://github.com/vortexgpgpu/vortex/tree/oscar-roadblock
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Figure 1: RoadBlock-extended Vortex GPGPU SIMT Sub-Core

MX-enhanced Fused Dot Product (FEDP) Unit. The funda-
mental dot product for two MX-compliant vectors A and B of length
k is calculated as:

k
Dot(4,8) = XWX 3 (A x P(") o

i=1

where X X®B) are block scale factors and Pi(A), Pi(B) are the i-th
elements of A and B respectively. RoadBlock adopts and enhances
the 4-cycle Ten-Four [17] mixed-precision FEDP microarchitecture
for its RTL implementation. Since Ten-Four FEDPs perform early
accumulation of the “C” addend alongside the vector products, all
required scale-factor computations and shifts are performed and
applied to each lane’s significand multiplication result in the first
MULTIPLY pipeline stage itself.

MX Scale Factor Metadata Tiling. Within the constraints
of Vortex’s RISC-V SIMT programming model, the 32 registers
per thread budget is divided between matrices A (f10-f17), B
(f21-128), and C/D (f0-f7), yielding a maximum tile size of 16x16
at NT=32. Additionally, contiguous low-precision elements are
packed along the K dimension in 32-bit bundles. Fig. 2 demon-
strates how RoadBlock derives the required per-thread metadata
for a given format. Assuming NVFP4 as the format with finest-
granularity (d=4, w=8, k=16), applying the formulae results in
64-bits of metadata per thread, requiring two additional registers
(arbitrarily chosen as 8, f9) for scale factor storage.

MX Metadata Delivery and Storage. Since Vortex TCU WMMA
instructions can only have 3 input source operands, MX scale-factor
metadata needs to be fetched and delivered to the FEDP grid directly.
RoadBlock employs a lightweight TCU-SRAM for this purpose, writ-
ten by duplicating registers f8, f9 via a simple MUX that activates

59
60

61

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

106

107

108

109

110

111

112

113

114

115

116



117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

OSCAR ’26, June 28, 2026, Raleigh, NC, USA

GIVEN
No. Regs/Operand (NR) = 8, No. Threads/ Warp (NT) € {4, 8, 16, 32}
d = element bits, w = scale bits, k = block size
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Figure 2: Derivation of required per-thread metadata for
custom MX format support on Warp-Tiled Tensor Cores

when the WMMA instruction’s format field indicates an MX for-
mat. The scoreboard treats f8, f9 as "hidden source registers",
preserving data dependency tracking without requiring any addi-
tional operand collector ports or bandwidth. This contrasts with
NVIDIA’s Blackwell architecture, where a private Tensor Memory
(TMEM) serves as both accumulator buffer and scale factor metadata
store for tcgen@5.mma MX instructions — restricting programmers
from utilizing the maximum MMA tile size without complicated
warp-specialized software pipelining [18, 20]. On the other hand,
AMD CDNA4 architecture holds MX scale factor matrices in ded-
icated VGPRs, trading register pressure for operand decoupling.
RoadBlock avoids both these pitfalls by keeping MX metadata in
TCU-SRAM and only the accumulator in the register file.

3 RoadBlock Host-Kernel ABI

RoadBlock extends the Vortex WMMA ABI with MX metadata
pointer arguments, as shown in Fig. 3, carrying the two scale factor
metadata buffers for A and B produced during host-side block-
quantization. We also prototyped a version interleaving A and B
scale factor metadata with their respective main data tiles into
a single buffer, but this introduced significant indexing decode
overhead, largely negating the saved kernel launch cost.

Additionally, for formats requiring tensor-wise scaling such as
NVFP4, the FP32 tensor-wise scale factor dequantization is handled
as WMMA epilogue on the FPU lanes while the TCU only operates
on the block-wise E4M3 scale factors.
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Figure 3: RoadBlock Host-Kernel ABI Flow

4 Preliminary Evaluation

To analyze the overhead incurred by MX formats, we benchmark an
SGEMM kernel with M=N=K=256 across NTe{4, 8, 16, 32} threads/warp
counts using the Vortex cycle-approximate simulator SimX. Early
implementation results demonstrate MXFP8 achieves 76-98% of
it’s ideal 2x throughput gain over FP16/BF16, while NVFP4 only re-
covers 70-76% of it’s theoretical 2x advantage over FP8/BF8, owing
to the additional tensor-wise dequantization overhead in Fig. 4.
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Figure 4: Format-Wise FLOPs/Cycle scaling sweep across NT

5 Future Work & Conclusion

On the hardware side, we plan to prototype the aforementioned
emerging formats in RTL to characterize their timing, power, and
area efficiency trade-offs. On the software side, we intend on in-
vestigating warp-specialized asynchronous pipelined kernels for
formats requiring both block-wise and tensor-wise scaling, with
the goal of surfacing actionable microarchitecture insights. Finally,
as tile sizes grow substantially with the introduction of warpgroup-
level WGMMA scheduling in Tensor Cores, the trade-offs between
TCU-SRAM and dedicated private TMEM approaches will need to
be revisited.

In conclusion, RoadBlock establishes an open-source, config-
urable framework for exploring and prototyping unconventional
MX formats and quantization schemes in a realistic GPU Tensor
Core setting, bridging the gap between format proposals and the
hardware-software stacks needed to evaluate them end-to-end.
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