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Abstract—As the demand for deep learning grows, cost re-
duction through quantization has become essential for both
training and inference. In 2022, the Open Compute Project
(OCP) consortium standardized narrow precision formats for
deep learning, called the microscaling (MX) format. The MX
format is a hardware-friendly dynamic quantization scheme that
effectively reduces the data size by sharing an 8-bit exponent
across multiple operands. The MX format can be categorized
into two types with their own strengths: (i) MXINT which
focuses on a high precision consisting only of mantissa bits
and (ii) MXFP which focuses on a wider dynamic range by
allowing local exponent bits. In this work, we present a versatile
MXFP format, called MX-SAFE (MXSF in short), that adaptively
uses two modes, i.e., a wider mantissa mode (FPS8_E2MS5) and
a subnormal FP mode (FP5_E3M2), to support both training
and direct-cast inference. Furthermore, we propose a tile-based
block design to increase hardware efficiency by reducing the
burden of re-quantization process during the training with the
MXSF format. Owing to the use of the proposed MXSF format,
0.05%/11.1% and 3.55%/3.57% improvements in accuracy, on
average, for inference/full-training compared to MXFP8_E2MS5
and MXFP8_E4M3 are observed, respectively. Moreover, we
present a training-inference accelerator that supports the MXSF
format and it achieves similar accuracy to the BF16 baseline
while using 24.9% less total energy consumption.

Index Terms—Direct-cast inference, hardware accelerator, hy-
brid microscaling format, low-precision training

I. INTRODUCTION

As the size of deep neural networks continues to grow,
quantization has become one of the most effective compression
techniques. The quantization technique can be broadly catego-
rized into static and dynamic quantization. The static quanti-
zation has the advantage of being able to compress inputs and
weights based on pre-computed statistics, enabling efficient
computation and reduced memory requirement. However, as
recent models have become more complex, some intermediate
operations require dequantization process to floating point rep-
resentation (e.g., softmax and layer norm), and each model has
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Fig. 1. Impact of various MX formats on inference (a-b) and training (c-d):
(a) average distance to the max exponent within a block during inference, (b)
direct-cast inference accuracy on ImageNet-1K, (c) ratio of weight gradient
underflows at FastViT-T8’s stages.0.blocks.0.mlp.fc1 layer during training, and
(d) training curve for FastViT-T8.

its own optimal statistical data. Particularly, weight parameters
keep changing during training which makes it very challenging
to use the static quantization. The dynamic quantization, on the
other hand, extracts tensor statistics on the fly by inspecting
the incoming data and then performs quantization. This allows
for more accurate quantization [1], [2], but it comes at the cost
of running quantization-dequantization steps.

Recently, microscaling (MX) format has been standardized
as a new data format by Open Compute Project [3] which
simplifies the dynamic quantization process, efficiently con-
verting FP32 computations to low-bit computations. The MX
format is currently supported by commodity deep learning
hardware such as NVIDIA Blackwell Tensor Cores [4], Mi-
crosoft MAIA100 [5], and Tenstorrent Wormhole [6], as well
as custom accelerators [7]—-[11]. With various MX formats
being proposed, however, it is difficult for us to select the
best MX format which varies depending on the task, either
inference or training. For direct-cast inference', the distance
between the max exponent and each element’s exponent within
a block is small (Fig. 1(a)), making the mantissa bit-width crit-
ical. Consequently, MXINT8 and BOOST (MXFP8_E2M5) [9]
outperform MXFP8_E4M3 (Fig. 1(b)). However, as shown in
Fig. 1(c), a significant portion of small gradient values become
zeros (i.e., underflows) for MX formats with limited local

IDirectly casting FP32 elements to lower bit-width representation, e.g.,
MXINT8 or MXFP8, without any training and calibration.
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exponent bits. Thus, only MXFP8_E4M3 format which can
represent small values using local exponent bits, on top of the
shared exponent, shows the similar training curve to FP32
while other MX formats fail to converge (Fig. 1(d)).

These motivational experiments on both inference and train-
ing imply that each MX format type has its own benefits
(MXINT and BOOST for a higher precision and MXFP for
a wider dynamic range), but no universal solution exists.
Therefore, for the first time, we present a versatile 8-bit
MXFP format, named MXSF, that guarantees safe direct-cast
inference and full training. Our MXSF is defined based on
the quantitative error analysis, so that we can switch between
MXFP formats with wide mantissas and wide exponents on the
fly. To test the validity of the proposed MXSF, a wide range of
deep learning models, from CNNs to transformers, and both
inference and training tasks are evaluated.

Our main contributions can be summarized as follows:

o Quantitative analysis on MXINT/MXFP: We quantify
the quantization error that occurs during conversion from
FP32/BF16 to MXINT and MXFP. Our analysis shows
that the optimal MX format changes with respect to the
exponent distance to the shared exponent within a block.

« Safe MX format: We propose a novel MX-SAFE format,
ie., MXSF in short, which safely supports direct-cast
inference and full-training/fine-tuning. The MXSF format
dynamically stores an element with MXFP8_E2M5 or
with MXFP5_E3M2 that targets to reduce both quanti-
zation errors and underflows.

o MX-SAFE hardware accelerator: We design a MAC
unit that handles MXSF formats and implement a systolic
tensor array built out of the proposed MXSF-aware MACs.

II. BACKGROUNDS
A. Microscaling (MX) Data Format

Recently, microscaling (MX) data formats [3] have been
presented showing their effectiveness in direct-cast inference
or training of various deep learning models. The original MX
format packs 32 data into a block (i.e., block_size = 32), shares
one exponent per block (S.), and aligns each element in the
block according to the shared exponent. While sharing the
global exponent, each element in the block can be represented
by either an integer format, e.g., MXINTS8, or a floating point
format, e.g., MXFP8_E4M3 or MXFP 8_E5M22. One may also
choose to use a lower-bit floating point representation, e.g.,
MXFP4_E2M1 or MXFP6_E2M3, MXFP6_E3M2.

B. Optimal MX Format for Inference & Training

While the MX format has many different variants, there
is an ambiguity in that the optimal type/format depends on
the task at hand. During inference, tensor distributions show
relatively smaller variances compared to gradients in training.
In other words, local exponents within a block are close to
each other making MXINT8 and MXFP8_E2MS5 represent the

2Here, ‘E’ and ‘M’ denote (local) exponent bits and mantissa bits, respec-
tively. The total bit-width N becomes E + M + 1 where 1-bit is for sign.

tensors more accurately compared to MXFP8_E4M3 owing
to wider mantissa bits. On the other hand, during training,
gradients have high variance, leading to larger differences
between local exponent values within a block, which causes
many underflows if exponent bits are not properly assigned.
Thus, the model trained in MXFP8 with wider exponent bits
outperforms the one trained in MXINT8. However, supporting
both INT and FP types in hardware introduces high overheads.
While there are some prior works demonstrating training with
MXFP4_E2M1 [12], [13], they have notable drawbacks. First,
[12]-based training results in suboptimal training performance
in CNNs (Section III-B). Furthermore, the method presented
in [13] requires additional hardware blocks for tensor rotation
which incurs latency overhead [14]. Also, both works perform
BF16 computations on Q-K 7 and Attn-V in attention layers.
Thus, in this work, we stick to an 8-bit MX format for all
computations and develop a new MX format that appropriately
combines advantages of both MX data types with minimal
hardware overhead.

III. QUANTITATIVE ANALYSIS ON MX FORMATS
A. Analytical Comparison Between MXINT and MXFP

Prior to proposing a new MX data format, we start by ana-
Iytically comparing MXINT and MXFP formats. The following
equation provides the quantized value in MXINT for a given
floating point value z.

L.m, - 2(mi—2)
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MXINT(z) = 85 -2 { 5 =)
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where © = s, - 2°¢ - 1.m, in FP32/BF16, s, is the sign, e,
is the exponent, and m,, is the mantissa value of x. The S, is
the shared exponent within the block containing z and m; is
the MXINT’s mantissa bit-width. On the other hand, the same
value x can be represented by the MXFP format as follows:
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where the local exponent x;. = E — (S, —e,). Here, E is the
maximum local exponent value, i.e., 2/ — 1, where ey is the
MXFP’s local exponent bits. The F' P,y and F Psypporm are
defined as follows:
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where my is the MXFP’s mantissa bits.
Based on Eq. (1) and Eq. (3-4), the maximum quantization
errors of MXINT and MXFP formats can be formulated by

Aprxrny = 2%~ (mi=2) . g(Se—ea)=(mi=2), )

A]\JXFP — 26,—7’)’Lf . 2—min(;me,0)—mf. (6)
For both cases, the error occurs from the round function
which is the second multiplicative term in Eq. (5-6). In case
of MXINT, error occurs due to the difference between the



TABLE I
MEAN SQUARED ERRORS OF DIRECTLY CASTING
INTO DIFFERENT MX FORMATS IN VARIOUS MODELS

\ Model [ ResNet-18 | MobileNetV2 |  FastViT-T8 |
Act. Weight Act. Weight Act. Weight
Format /Type | (1500y | (10%) | (104) | (10%) | (0% | (1o
MXINTS8 1.31 6.13 11.2 341 1.27 1.48
MXFP8_E2M5 1.14 3.41 8.35 2.29 0.79 1.00
MXFP8_E4M3 17.3 42.5 120 31.0 10.3 13.1
MXSF (Proposed) 1.40 5.07 10.7 3.06 1.10 1.17

* Best and second best are marked in red and blue, respectively.

|- E2M1 E2M3 + E3M2 == E2M5 == E4M3 =mES5M2 == EOM8 |

Algorithm 1: MXSF Conversion
Data: X: floating point numbers within a block
Result: X: converted MXSF data for tensor X

1: Se ¢ floor(loga(max(|X]1)));

2 X, + floor(log2(|X]));

3 if (Se — X.) < 3 then

4 | X« MXFP(X,e; =2,my =5,bias = 3);

5

6

;

. else
| X« MXFP(X,e; =3,m; = 2,bias = 10);
: end

Quant. Error (MSE)

80 ResNet-18 (FP32: 69.0?/?) 107

o —

40 m 1 0717%:’;
10

0 107

100
Underflow Ratio (%)

O e ———— 100 0.00;
40 50
0 0 —
epoch 100
(a) (b)
Fig. 2. (a) Training performance with various microscaling formats. The

red dotted line represents FP32 training accuracy. (b) Quantization error and
underflow ratio during training (target: ResNet-18’s layer2.1.conv2.grad)

shared exponent S, and the exponent of x (e;), as well as
the supported mantissa bits (m;). In contrast, in MXFP, it
has the local exponent x;., and as long as x;. does not fall
below zero, the rounding error is only caused by the supported
mantissa bits (my). Based on Eq. (5-6), we can compare
MXINT8 and MXFP8_E2MS5 in terms of quantization error
at various ‘S, — e;’ distances. Only when S, — e, = 0,
MXINT8 provides a smaller error than MXFP8_E2M5. If
Se. — e, = 1, both experiences the same quantization error.
When S. — e, exceeds 1, then MXFP8_E2M5 introduces a
smaller quantization error. Since both weight and activation
tensors exhibit the average exponent distance (S, — e, ) greater
than 2 (Fig. 1(a)), MXFP8_E2M5 is expected to have a lower
quantization error than MXINTS8, as summarized in Table I.
Therefore, we establish MXFP8_E2M5 as the baseline for
inference. The following section will discuss how this MXFP 8
format can be modified to make it suitable for training.

B. Analysis on Required Bit-precision in Training

According to Table I, MXINT8 and MXFP8_E2M5 have
lower quantization error than MXFP8_FE4M3. However, those
two MX formats paradoxically exhibit training instability as
shown in Fig. 1(d). This is mainly because the occurrence of
underflows has a more significant impact on training stability
than quantization errors. Fig. 2(a) illustrates the results of
various MX-format training runs® on ResNet-18 [15] and Mo-
bileNetV2 [16]. For both benchmarks, at least three exponent
bits were required for stable training. However, for those
MX formats with wider exponent bits, the quantization error
increases due to narrower mantissa bits, which results in a
noticeable accuracy degradation in MobileNetV2.

3Here, MXFP4 is based on TetraJet [12] Q-EMA algorithm.

To investigate the cause of training instability in detail,
we analyzed the quantization error and underflow ratio of
activation gradients at the layer2.l.conv2 layer in ResNet-
18. The analysis was performed by converting the gradients
into various MX formats and monitoring the metrics across
training epochs. The results shown in Fig. 2(b) reveal that
while MXINT8 (EOMS8) and BOOST (E2MS5) show lower
quantization error than MXFP8_E4M3, they have significantly
higher underflow ratios, which prevents the model from stable
training. This suggests that even gradients with very small
magnitudes are critical to training performance and must
be preserved. Based on these analyses, we propose MXSF,
a unified MX format that deals with both underflows and
quantization errors by dynamically adjusting exponent and
mantissa bits based on the criteria explained in Section III-A.

IV. MX-SAFE: VERSATILE MICROSCALING FORMAT
A. Proposed MXSF Data Format

The proposed MXSF format, named after a safe MX format,
is designed to support two FP formats in a single block. The
main goal of supporting two data types in a single block is
to minimize quantization errors and reduce underflows. This
makes the proposed MXSF versatile, so that we can use this
format in any Al deployment stages. In this work, we focus on
designing the MXSF format that supports a narrow exponent +
large mantissa (E2M5), which shows similar accuracy to FP32
for inference, and a wider exponent with extra bias + small
mantissa (E3M2 + bias), which performs well during training
by suppressing underflows.

To accommodate both within a single block, we propose a
format that allocates more exponent bits, on the fly, for ele-
ments with a large exponent gap (i.e., Se —e;) as illustrated in
Fig. 3. Specifically, we repurpose the subnormal representation
in MXFP8_E2M5, where local exp z;. = 00 (the 2™ and the
last elements in Fig. 3), to better represent small numbers,
denoted E3M2 (or sub-FP), using the remaining 5 bits. In the
original MXFP8_E2M5 format, values with an exponent gap
of 3 or larger (S, — e, > 3) fall into the subnormal category.
In our MXSF, this region is represented by using the sub-
FP format, effectively extending the minimum exponent value
from -3 down to -9. The addition of E3M2 format extends
the representable value range without overlapping the range
of E2M5 with proper biasing (bias= 10). This allows our
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Fig. 4. The forward and backward passes for a linear layer during training.
(a) 1D-based MX block (1x4) and (b) 2D tile-based MX block (2x2). The
red arrows highlight the reuse of quantized MX blocks.

modified representation to cover a dynamic range similar to
that of MXFP8_E3M4, slightly lower than E4M3. As shown in
Fig. 3, when the exponent gap is 2 or less, MXSF behaves same
as MXFP8_E2M5, preserving direct-cast inference accuracy.
When an element within a block has an exponent gap greater
than 2, local exponent becomes ‘00’ indicating the use of
E3M2 dynamically extending the dynamic range for small
values, improving the training stability. The conversion process
for MXSF is described in Alg. 1.

B. MX Block Tiling for Inference/Training

As shown in Fig. 4(a), the commonly used 1D block
design in the current MX format is suited at the forward-
only computation flow of inference. In this setting, quantized
weights remain unchanged and activations are not reused,
making the 1D block structure suitable without any issues.
However, during the training process, particularly in the back-
ward pass, both weights and activations are transposed and
used for computing gradients. Due to the transpose operation,
weight/activation tensors need to be dequantized and re-
quantization is needed along the transposed dimension, which
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Fig. 5. Overview of MX-SAFE accelerator architecture.

incurs latency overhead. Fig. 4 shows a simple example with
the number of MX quantization process for each tensor.

To address this limitation, as illustrated in Fig. 4(b), we
propose 2D tile-based MX block design. This 2D tiling
strategy makes us to maintain the quantized tensor in its
original shape and reuse it during the backward pass without
additional dequantize/quantize step. Accordingly, we design a
training-inference accelerator using our versatile MXSF that
supports both 1D and 2D MX blocks, maximizing overall
hardware efficiency. The 1D block tiling is also supported in
the hardware for the inference with batch size of 1.

V. MXSF-BASED MULTI-FORMAT SYSTOLIC TENSOR
ARRAY ACCELERATOR

A. MX-SAFE Accelerator

Fig. 5(a) shows overall architecture of the MX-SAFE accel-
erator, which is based on a systolic tensor array (STA [17]).
The STA generalizes the conventional systolic array by group-
ing multiple MACs to form a computing block, where each
MAC contains multiple multipliers (vectorized). Grouping
multiple MACs as a block, i.e., processing unit (PU), reduces
the number of registers inserted between neighboring MACs.
MX-SAFE core contains 16 PUs in a 4x4 configuration,



where these PUs are pipelined for the systolic execution. Then,
each PU contains 4x4 MAC units which perform sub-matrix
multiplication in parallel (Fig. 5(b)). Since each MAC unit
has four multipliers, 16 inputs and 16 weights are provided at
each cycle for parallel execution (Fig. 5(c)). As illustrated in
Fig. 5(d), we support taking both 1D and 2D MX blocks as
input operands. The 1D mapping assigns four different blocks
to a single STA PU, whereas tiled mapping assigns two blocks.
The tiled approach creates a minor accumulation overhead in
the STA but advantageously allows for a dataflow design that
does not require reshaping 2D tiles into a 1D format.

B. MXSF-aware MAC Unit

Fig. 5(c) shows SAFE-MAC, a new MAC unit designed to
support the MXSF format. Unlike conventional formats, MXSF
represents two distinct numerical formats, E2M5 and E3M2,
within a single block. Consequently, each element must be
decoded to its corresponding value prior to computation. The
decoding logic (Fig. 5(e)) interprets the data as the E3M2
format if its 2" and 3" MSBs are both zero; otherwise, it is
treated as the E2M5 format. The SAFE-MAC unit processes
four input-weight pairs per cycle to compute one partial sum.
To compute on any of two decoded MXSF formats, each data
pair is first multiplied by using an E4M5-based multiplier
(Mul.) that fully covers E2M5 and E3M2. The four multiplier
outputs are then accumulated to calculate the partial sum
using an FP12_E4M7 adder tree. We select FP12 adders,
which provide enough bit coverage, instead of BF16 adders
to minimize the hardware overhead coming from the adder
tree in the SAFE-MAC.

VI. EXPERIMENTAL RESULTS
A. Experimental Setup

1) Software Setup: We modified MX implementation from
Microsoft* to evaluate the effectiveness of our MXSF for-
mat on direct-cast inference and training. The implementa-
tion includes MXINT8, MXFP8_E4M3, block minifloat from
BOOST (i.e., MXFP8_E2M5 [9]) and our MXSF. The BOOST
uses a 48x48 block, but for a fair comparison, we fixed all
MX format’s block sizes to 1x64 for inference and 8x8 for
training (favorable choice for BOOST). Utilizing the PyTorch
framework, we copied pre-trained models from “timm” for a
vision task and “Hugging Face [18]” for LLM and VLM tasks
in our experiments.

2) Direct-cast Inference: To compare accuracy of various
MX formats on direct-cast inference (FP32—MX), we select
an image classification task and language generation tasks.
For the image classification, we tested ResNet-18 [19], Mo-
bileNetV2 [16] and MobileNetV4-based MNv4-Conv-S [20]
as CNN benchmarks, while DeiT-B [21] and Swin-S [22]
are used as Vision Transformer (ViT) benchmarks. Also,
EfficientViT-B3 [23] and FastViT-S12 [24] are selected as
CNN+ViT benchmarks. As a dataset, a widely used ImageNet-
1K validation dataset is selected. For the language generation

“https://github.com/microsoft/microxcaling

TABLE II
DIRECT-CAST INFERENCE VISION & LLM ZERO-SHOT TASK
(MXFP8: MXFP8_E4M3, BOOST: MXFP8_E2M5)

\ Vision Task (dataset: ImageNet-1K) \
| Model |

| Baseline [ MXINT8 [ MXFP8 | BOOST [ MXSF
CNN architecture
ResNet-18 (Acc.) T 73.14 73.15 72.27 73.14 73.05
MobileNetV2 (Acc.) T 72.95 72.48 66.27 72.51 72.46
MNv4-Conv-S (Acc.) T 74.58 73.18 61.80 73.89 73.60
Vision transformer (ViT) architecture
DeiT-B (Acc.) T [ 8197 8191 [ 8175 | 81.95 [ 81.94
Swin-T (Acc.) T | 8136 8135 [ 81.09 | 8132 [ 81.36
Hybrid ViT architecture
EfficientViT-B3 (Acc.) T [ 8335 | 82.69 7464 | 83.04 [ 8279
FastViT-S12 (Acc.) 1 | 798 [ 7791 [ 3825 | 79.00 [ 78.84

LLM Task (Model: Llama3.2-3B) \

Task | Baseline [ MXINT8 [ MXFP8 [ BOOST [ MXSF |
WikiText2 (PPL) | 9.27 9.30 9.36 9.28 9.28
BoolQ (Acc) T 72.9% XY 7046 | 7278 | 73.03
ARC-e (Acc.) T 74.49 74.71 74.07 74.33 74.28
ARC-c (Acc.) T 42.66 42.41 41.98 42.06 42.32

* Best and second best are marked in red and blue, respectively.

task, we used EleutherAI’s Im-evaluation-harness [25] to con-
duct experiments on the LLaMA-3.2-3B [26]. We evaluate
various data formats on three question-answering tasks, i.e.,
Boolean Question (BoolQ) and AI2 Reasoning Challenge
(ARC-Easy and ARC-Challenge), as well as one language
modeling task, WikiText2.

3) Model Training: We report the training quality of var-
ious MX formats on two different tasks: a vision task and a
multimodal task. To compare the full-training performance, we
selected three different models, i.e., ResNet-18, MobileNetV2,
and DeiT-Tiny for ImageNet-1K classification. We used eight
RTX 3090 GPUs with a batch size of 128 per GPU, trained
for 100 epochs, and selected the AdamW optimizer with a
learning rate of le-3 and a cosine decay scheduler. To compare
the training performance on a visual language model (VLM)
using the MX format, we trained nanoVLM-222M [27] from
Hugging Face using an open-source dataset. We set batch_size
= 256 and conducted training on an RTX6000 Blackwell
GPU based on the detailed configuration from the original
nanoVLM GitHub repository>.

4) Hardware Design: All hardware modules in Fig. 5
for MXSF are implemented in RTL and synthesized with
65nm CMOS technology running at 250MHz. For perfor-
mance comparison, we implemented two baselines. The first
baseline is a BF16 baseline accelerator, which has the same
STA configuration. The second baseline uses a more efficient
MXFP4 format for the main STA core. However, a small 8 x8
BF16 systolic array is included, as certain operations, such
as Q -KT, require BF16 to maintain accuracy. The area and
power consumption for these accelerators are estimated using
Synopsys Design Compiler.

B. Accuracy on Direct-cast Inference

Table II summarizes the direct-cast inference accuracy on
the ImageNet classification and LLM zero-shot inference
tasks. In the domain of vision tasks, the MXFP8_ E4M3 format
exhibits a notable performance degradation relative to other

Shttps://github.com/huggingface/nanoVLM/tree/v0.1



TABLE III TABLE IV
ACCURACY ON TRAINING VISION TASKS (DATASET: IMAGENET- 1K) AREA AND POWER BREAKDOWNS OF MX-SAFE ACCELERATOR
[ Model | Bascline | MXINTS | MXFP§ | BOOST | MXSF | [ Ours (65nm, 250MHz) [ Area (um’) | Power mW) |
ResNet-18 69.0 56.9 65.3 62.2 68.4 MX-SAFE Core 1,784,575.55 (87.68%) | 308.845 (84.18%)
MobileNetV2 69.9 31.1 63.2 46.2 69.5 IZDt(SIl:: Cotr.nvertér't iggéggg 28;2?; ;g? E(l)g?goi
q O ct. Function Unx , B D07 B . 0
DeiT-Tiny 672 20.3 65.4 63.0 66.7 Softmax 181.606.47 (9.11%) 2412 (6.57%)
Norm. Unit 38,267.18 (1.92%) 24.21 (6.60%)
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8-bit MX formats. This degradation is primarily attributed - PR R PR R TR BF16 MXFP4 MXSF

to its limited mantissa bit-width, which induces substantial
quantization errors. The effect is particularly pronounced in
lightweight models, where the resulting accuracy degradation
can exceed 8%. Conversely, the MXINT8, BOOST, and MXSF
formats demonstrate superior robustness by effectively mit-
igating performance loss, constraining accuracy degradation
to within 1.1%. Moreover, in models where values satisfying
S. — e, > 3 are prevalent, i.e., hybrid ViTs, both BOOST and
MXSF have been observed to outperform MXINTS, yielding
higher final accuracy. For LLM tasks, other data formats still
show slightly better performance compared to MXFP8_E4M3.
Based on these experiments, we show that the MXSF achieves
similar accuracy as BF'16 for the direct-cast inference.

C. Accuracy on Model Training

Other than inference, we also tested the stability of the
MXSF format on training tasks. Table III summarizes the
ImageNet-1K training accuracy of full-training scenarios.
Since small gradients are important throughout the entire
training process, both the MXFP8_E4M3 and MXSF formats
show excellent performance in preventing underflow. Further-
more, by allocating more mantissa bits to values near the
shared exponent, the MXSF format improves its resilience to
quantization error, resulting in an average of 3.6% higher
training accuracy than MXFP8_E4M3 in classification tasks.

As shown in Fig. 6, the nanoVLM training task involves
fine-tuning a combination of a pre-trained vision encoder
(SigLIP-B [29]) and a small language model (SmolLM2-
135M [30]) for the multimodal objective. Unlike the full-
training case, fine-tuning is performed on pre-trained weights
making significantly small gradients to appear less, which
explains why FP8_E2M5 achieves high training accuracy.
Nevertheless, even in this scenario, MXSF is observed to
deliver slightly better accuracy compared to other MX formats.

D. Hardware Analysis

Based on the area and power consumption in Table IV,
we performed a detailed hardware analysis using DeiT-Tiny
model on ImageNet. Table IV shows that the MX-SAFE core

(b)

(a)
Fig. 7. Energy consumption of DeiT-Tiny during a single-batch training. (a)
Breakdowns per encoder block and (b) overall system energy consumption.

is the dominant hardware component, consuming the majority
of both the total area (87.68%) and power (84.18%) of the
MX-SAFE accelerator. As shown in Fig. 7, the total energy
consumption is primarily driven by the off-chip memory
access, which accounts for 83.93%. The remaining energy
is consumed by the on-chip memory access and the core,
contributing 14.92% and 1.15%, respectively. For the energy
estimation, we utilized formulas from BitMoD [31] to model
the off-chip and on-chip memory accesses. Note that MXFP4
consumes more energy on Attention layers since it uses BE16
for Q-KT and Attn-V. In return, the proposed MXSF format
demonstrates a 24.92% reduction in total energy consumption
compared to the BF16 baseline. Furthermore, a comparison
with the MXFP4 hardware, which includes a small BF16
systolic array, shows that our design is 4.07% more energy-
efficient, underscoring the accuracy and the energy efficiency
of our MXSF format.
VII. CONCLUSION

In this paper, we proposed MX-SAFE (MXSF) format, which
safely supports both inference and training by allowing a
large mantissa mode (E2M5) and a high dynamic range mode
(E3M2) within the same block. MXSF proves to be an out-
standing substitute for BE'16 in both training and inference. It
results in a negligible accuracy drop compared to BF16—only
0.17% on average for direct cast inference and under 0.5% for
training—distinguishing it from other MX formats. Further-
more, to optimize training efficiency, we minimized both the
memory usage during training and the quantization process
by employing tile-based blocks instead of the 1D blocks used
in the existing MX format. Overall, we present MX-SAFE
accelerator, i.e., a training-inference accelerator based on the
MXSF format. Our MXSF-based hardware accelerator achieves
accuracy similar to BF16 baseline while reducing total energy
consumption, including off-chip memory accesses, by 24.9%
in the DeiT-Tiny training task.
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