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Abstract—Microscaling is a critical technique for preserving
the quality of Large Language Models (LLMs) quantized to ultra-
low precision formats. Intuitively, finer block sizes should yield
lower quantization error; however, a paradox recently identified
by Fasoli et al. (2026) demonstrates that standard abs-max scaling
can actually result in degraded model quality as block sizes
shrink. In this work, we investigate the underlying mechanics of
this phenomenon. We demonstrate that this degradation is not an
inherent limitation of finer granularity, but is primarily driven
by how elements in smaller blocks statistically cluster closer to
their local block maximum, interacting poorly with the coarse
subnormal E4M3 values used as scaling factors. Specifically, we
show that i) preventing the scaling factor from underflowing to
zero mitigates errors caused by extreme underflow, ii) targeted
algorithmic interventions like the 4-over-6 methodology that give
more flexibility to the choice of scaling factor resolve the paradox
for larger values, and iii) a brute-force search establishes an
optimal baseline, confirming that the theoretical Mean Squared
Error (MSE) strictly improves with finer block sizes. Ultimately,
our findings highlight a critical insight for hardware-software
co-design: the block-size paradox is partially an artifact of naive
scale selection. While using hierarchical scaling factors or wider
formats like UE5M3 interchangeably resolves much of the quality
loss, we found the 4-over-6 scale selection heuristic can even
further improve quality, especially for very small block sizes.
Consequently, maximizing the performance of next-generation
ML accelerators will require treating silicon format specifications
and software scaling algorithms as tightly coupled design choices.

I. BACKGROUND

The ubiquitous deployment of Large Language Models
(LLMs) across datacenter architectures and edge devices in-
curs substantial computational overhead and expands the mem-
ory footprint, fundamentally constraining system throughput
via both arithmetic and memory bandwidth bottlenecks. To
address this, hardware vendors have begun natively supporting
ultra-low precision formats (four bits or fewer) to simul-
taneously increase compute throughput and reduce memory
pressure, as seen in NVIDIA’s Blackwell and AMD’s MI-
series accelerators. [1], [2].

To offset quality losses associated with low bit formats,
microscaling has proven to be a useful technique. The central
idea is to enable chunking of the inputs into small blocks
with individual scaling factors (e.g., block sizes of 16 or 32).
Using microscales effectively on accelerators usually requires
built-in hardware support. In common microscaling formats,
the scaling factors themselves are also represented using
low-precision formats (e.g., 8-bit floating-point), reducing the
memory footprint and additional hardware burden of the
greater number of scales. Usually, this is most powerful for
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very narrow formats like FP4 (E2M1), which otherwise lack
the necessary dynamic range to represent a wide variety of
distributional values.

MX v1.0 [3] uses power-of-two scaling factors. Given inputs
V for each block, it specifies as one option the largest power-
of-two less than or equal to the maximum absolute value of
the input entries divided by the largest representable value in
the element data type (Mmax). Mathematically, this block scale
S is calculated as:

S = 2
⌊log2

(
maxVi∈V |Vi|

Mmax

)
⌋

(1)

For MXFP4, the element format is E2M1, where Mmax =
6.0. Constraining the scaling factors to powers of two enables
a high degree of hardware efficiency. Designing other quan-
tization recipes is an area of active research. For example,
[4] suggest mapping the scaling factor to the range [3.5, 7.0];
because clipping in the range [6.0, 7.0] is mathematically
equivalent to rounding in the range [3.0, 3.5], this intentional
clipping prevents underflows for smaller entries, resulting in
less quantization error compared to no clipping at all.

Alternative microscaling specifications explore using 8-bit
floating-point representations for the block scaling factors to
provide finer numerical control. For instance, recent vendor-
specific designs [1], [5] utilize an E4M3 representation (with
the sign bit unused) for the block scale of size 16. The
inclusion of mantissa bits in the scaling factor helps preserve
higher precision, especially for the largest entry in each block.
In typical applications the abs-max scale may be rounded to
the nearest value in the scaling factor format. Because the
exponent precision of E4M3 is relatively limited, this block
scale is often paired with a second (per-tensor) scaling factor
(i.e., hierarchical scaling).

The allocation of exponent versus mantissa bits can sig-
nificantly influence the optimal quantization recipe (the con-
version of higher-precision values into quantized entries along
with their associated block-level scaling factors). For example,
using all 8 bits for the exponent (unsigned E8M0) lowers
the precision in the representation of values but covers a vast
range of magnitudes. Redistributing some bits to the mantissa
(e.g., E4M3 or UE5M3) lends higher precision to the entries
at the expense of reducing the dynamic range, which for some
distributions may require an additional tensor-level scaling
factor.

The recent manuscript [6] shows that surprisingly, when
following the typical abs-max methodology, there can be a
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significant degradation in quality as the block sizes become
smaller in particular when using E4M3 scaling factors. This
seems paradoxical because smaller block sizes are supposed
to give finer-grained control. In the remainder of this paper,
we set up experiments to explain why this happens, how it
can be mitigated, and explain the implications for scale factor
and format selection.

II. EXPERIMENTAL SETUP

We start by analyzing the microscale behavior for a variety
of quantization techniques and several possible block sizes (4,
8, 16, 32). Unless stated otherwise, the data is quantized using
a scaling factor format of E4M3 and the data is stored in FP4
(OCP E2M1) [7].

FP4 has a small set of possible values:
±{0.0, 0.5, 1.0, 1.5, 2.0, 3.0, 4.0, 6.0}. While the values
are close near zero, they become farther between 4.0 and 6.0.

We use combinations of strategies for selecting the scaling
factor (discussed below).

To define abs-max scaling we first compute the scaling
factor:

Sabs-max(M) = RoundSF

(
maxv∈V |v|

M

)
(2)

where the function RoundSF includes the rounding and
clipping to the target scale format (e.g., E4M3) and M is
a configurable maximum value (e.g., in the standard abs max
scaling for E2M1, this would be 6.0). We assume round-to-
nearest-even throughout. Abs-max scaling is often the default
heuristic chosen in industry and was the primary method
evaluated by [6]. As we demonstrate later, this specific choice
is closely tied to the paradoxical behavior observed.

For a given scaling factor S, quantized entries are found
by applying the scaling and rounding using a function quant:
vi 7→ quant

(
vi
S

)
; de-quantization simply multiplies by S.

Because the scaling factor format is also low-precision
(FP8), extremely small inputs can result in a scaling factor
that rounds to zero. Since this preserves no information about
the inputs (e.g. all values are set to zero), our first proposed
adjustment modifies a scaling factor S to disallow it from
collapsing to zero:

Sprevent-zero(M) = max (S(M), ϵSF) (3)

where ϵSF is the smallest nonzero value of the scaling factor
format (for example ϵSF = 2−9 for E4M3).

Additionally, we provide comparisons against the setup used
in the four-over-six paper [8], which considers two possibilities
for the scaling factor (biggest and second biggest representable
value), enabling better usage of the format for blocks that
benefit more from one part of the E2M1 range versus another.
Conceptually, this algorithm evaluates quantization error using
both 4.0 and 6.0 as maximum bounds. By allowing the scale to
adapt, it prevents the bulk of the block’s elements from being

forced into the wide, lossy quantization gap between 4.0 and
6.0 in the FP4 grid.

S4-over-6(M) = argmin
M∈{4,6}

MSE(v, Sabs-max(M)) (4)

where MSE(v, S) evaluates the quantization mean-squared
error of the inputs v with a scaling factor S.

For our full-model evaluations we also use hierarchical
scaling – a two-stage process where a per-tensor scale is first
identified using the abs-max across the entire tensor. Then,
local scaling factors are found after adjusting the inputs using
the global scale. Mathematically it is analogous to the process
used in [5] (Appendix B) with appropriate adjustments for
other formats.

Finally, we establish an upper bound on performance via
a brute-force search over possible scaling factors to minimize
the MSE.

III. RESULTS

We structure our experiments into two phases:
First, we conduct a numerical study based on sampling a

normal distribution across a range of standard deviations and
block sizes comparable to those explored in [6]. We sample
50, 000 × block size values for each standard deviation σ
from the normal distribution N (0, σ2), where the block size
is chosen from {4, 8, 16, 32} and σ is evaluated across 151
evenly spaced points in the interval [0.0005, 0.05].

Second, we validate our findings by applying these scaling
methods to the weight and activation quantization (MLP lay-
ers) of several large language models to observe their impact
on downstream perplexity. In the full model experiments, we
consider different combinations of prevent-zero-scales, 4-over-
6, hierarchical scaling and using the UE5M3 scaling factor
suggested in [6].

A. Numerical Study

Figure 1 illustrates the degradation of Mean Squared Error
(MSE) when using standard abs-max scaling, comparing it to
our proposed zero-prevention adjustment. We also evaluate the
performance of the 4-over-6 scaling methodology against the
theoretical minimum MSE achieved via a brute-force search.

The analysis reveals three distinct regions of behavior
across the standard deviation (σ), denoted as A, B, and C.
Under standard abs-max scaling, we observe the counter-
intuitive phenomenon discovered in [6]: smaller block sizes
can paradoxically result in a higher MSE.

In Region A (extremely small σ), the scaling factor
frequently underflows to zero, resulting in an anomalous
spike in MSE. By implementing the prevent-zero-scale
method—forcing the scale to the smallest representable pos-
itive value—this localized degradation is completely elimi-
nated.

However, in Region B (slightly larger distribution standard
deviations σ), the inversion of MSE relative to block size
persists even with zero-prevention. This inversion is driven by
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Fig. 1: Comparing MSE against distribution σ behavior. (a) Standard max-abs scaling exhibits a visible bump in Region A. (b)
Setting zero scales to the smallest representable value eliminates the Region A bump, but a reverse order of block sizes remains
in Region B. (c) The 4-over-6 methodology retains the Region A bump but resolves Region B. (d) Shows the combination of
prevent-zero and 4-over-6. (e) Brute-force search represents the optimal baseline.

a destructive interaction between the E4M3 scaling format and
the statistics of small blocks. For values at this magnitude, the
required E4M3 scaling factors fall into the subnormal range,
making the scaling grid extremely coarse. Consequently, a
block’s true maximum value aligns poorly with the available
scaling factors. When this coarse, poorly aligned scale is
applied, it disproportionately impacts smaller blocks: because
the maximum value in a block of 4 is statistically closer to
the rest of the elements than in a block of 32, a much larger
proportion of the elements are forced into the upper extremes
of the FP4 format (near 6.0). Because the FP4 quantization
grid is coarsest at these extremes, the result is massive clipping
and rounding error. For more details about these mechanics see
Appendix A.

This inversion vanishes by employing the 4-over-6 method-
ology. By adaptively evaluating both 4 and 6 as possible target
scales, the 4-over-6 method gives the option to restrict values
to the more uniform portion of the FP4 range, and to avoid
strong clipping.

Finally, the brute-force search establishes an optimal base-
line, demonstrating that when the ideal scaling factor is se-
lected, the paradoxical inversion behavior disappears entirely.
Across all points A, B, and C, the optimal MSE monotoni-
cally increases with larger block sizes, confirming that finer
granularity fundamentally improves quantization quality when
paired with an optimal scaling strategy.

At Region C (somewhat larger values) we never see the
inversion–however, 4-over-6 and the brute force methods have
significantly lower MSE than the abs-max based methods
especially at smaller block sizes (explained similarly by the
large potion of entries at the bins of magnitude 6).

B. Downstream LLM Perplexity

To confirm that the theoretical MSE improvements trans-
late to practical applications, we evaluated the perplexity

gap of four distinct models—Granite-3.3-8B, Llama-3.1-8B,
DeepSeek-LLM-7B-Base, and Qwen2.5-14B—across multi-
ple block sizes, comparing various FP4 quantization formats
against an unquantized baseline (Figure 2).

A key observation from these evaluations is a stark di-
chotomy in model behavior under abs-max quantization.
DeepSeek and Qwen behave intuitively: as the block size
decreases (offering finer-grained scaling), the perplexity gap
narrows, indicating improved quality. Conversely, Granite and
Llama clearly exhibit the paradoxical degradation identified in
our numerical study and [6]; for these models, standard E4M3
scaling results in a sharply increased perplexity gap at smaller
block sizes, most notably at block sizes 4 and 8.

By systematically evaluating different scaling configura-
tions, we demonstrate how this non-intuitive behavior can
be successfully mitigated. Isolating our proposed prevent-
zero-scale (PZ) adjustment reveals noticeable but localized
improvements; for instance, at the problematic block size of
4, the PZ adjustment reduces Granite’s perplexity gap from
0.865 to 0.769, and Llama’s from 0.725 to 0.591. However, we
find that the 4-over-6 methodology [8] can have significantly
greater impact on reducing the perplexity gap. Applying 4-
over-6 alone reduces the perplexity gap by more than half
for the ill-behaved models at the finest granularity, dropping
Llama to 0.270 and Granite to 0.434 at block size 4. While
the PZ adjustment does not resolve the U-shaped curve seen
for Granite and Llama, 4-over-6 does.

Additionally, our results help discern the impact of hier-
archical scaling and the 4-over-6 method and compare them
to changing the scale format to UE5M3. Specifically, using
E4M3 with a hierarchical scale (e4m3 + H) yields compara-
ble results to using UE5M3, and this change is synergetic with
including 4-over-6 scale selection–that is, using E4M3 with
both hierarchical scales and 4-over-6 (e4m3 + 4o6 + H)
yields better results, and is comparable to using UE5M3 with
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Fig. 2: (a,b,d,e) show the perplexity gap of the Granite-3.3-8B, Llama-3.1-8B, DeepSeek-7B, and Qwen2.5-14B models with
various FP4 formats compared to a unquantized baseline. Note that only Granite and Llama demonstrate the paradoxical
increased perplexity gap at lower block sizes, meanwhile DeepSeek and Qwen improve the perplexity with smaller block sizes.
Techniques such as hierarchical scales (H), four over six (4o6) [8], and more exponent bits (ue5m3) fully eliminate the ill
behaved Granite and Llama at smaller block sizes. (c,f) show representative activation and weight distribution of Granite and
Qwen for layers 2, 4, 6, 20, and 25, where blue represents the weights and orange the activations.

4-over-6 (ue5m3 + 4o6). Finally, incorporating hierarchical
scaling with UE5M3 regardless of whether using 4-over-6
does not make an impact beyond simply UE5M3 (ue5m3 vs.
ue5m3 + H and ue5m3 + 4o6 vs. ue5m3 + 4o6 + H).
These results suggest that using either E4M3 with hierarchical
scaling or UE5M3 are sufficient for covering the important
range of the data, although there is an additional separate
impact from the scale selection technique.

Finally, we examine the raw model weight and activation
distributions to understand this divergence in model behavior.
Figure 2 (c, f) highlights these distributions for Granite and
Qwen. Despite a large portion of Qwen’s weights having
small magnitudes, it is relatively robust to E4M3 scaling
variants. To understand why Granite degrades while Qwen
improves, we conducted an ablation study masking specific
magnitude intervals to zero (see Appendix B, Fig. 10). We
found that Qwen’s performance relies heavily on larger mag-
nitude weights, shielding it from the coarse E4M3 subnormal
gap. Conversely, Granite relies heavily on smaller values that
are effectively destroyed by coarse upper bins. This ablation
acts as a pre-quantization diagnostic: rather than relying solely
on raw tensor distributions, masking specific magnitude inter-

vals can successfully predict a model’s sensitivity to specific
entries.

Adopting ue5m3 instead inherently reduces this degrada-
tion by offering a wider absolute range—often circumventing
the need for an additional tensor-level scale.

Hardware Tradeoffs: Vendors must weigh the physical
silicon area costs of supporting a 5-bit exponent in hardware
ALUs (UE5M3) against the memory bandwidth and latency
overheads of fetching a secondary, tensor-level scale from
memory (hierarchical scaling). In our experiments, both ap-
proaches yield similar quality improvements, though UE5M3
offers greater general flexibility. Furthermore, while the 4-
over-6 algorithm significantly improves quality, it incurs sub-
stantial computational overhead by requiring two quantiza-
tions and MSE calculations per block. This is reasonable
for inference weights (which are quantized offline), but the
latency overhead may be prohibitive for dynamic activation
quantization.

While our evaluation spans models from 7B to 14B parame-
ters—a substantial and widely deployed scale—this places our
study right at the critical threshold of outlier emergence. Prior
literature demonstrates that extreme activation outliers system-
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atically appear as models cross the 6.7B and 13B parameter
boundaries, escalating in larger architectures [9]. Because
these massive activations grow with the model size [10], the
heavy-tailed distributions that disrupt the FP4 quantization
grid are likely to become even more pronounced in 70B+
regimes. Additionally, recent work has uncovered intra-level
sparsity [11], which may also interact with low-precision
quantization recipes. Verifying how scaling heuristics hold up
against these aggressive outliers and sparse regimes at massive
scales remains an important direction for future research.

IV. CONCLUSION

This work investigates the paradoxical degradation of quan-
tization quality at finer microscaling block sizes under standard
abs-max scaling. Through numerical analysis and downstream
LLM evaluation, we demonstrate that this anomaly is not an
inherent limitation of finer granularity, but rather a conse-
quence of how elements in smaller blocks statistically cluster
closer to the per-block maximum, interacting harmfully with
the coarse upper quantization bins of the FP4 (E2M1) element
format.

While enforcing a strictly positive minimum scale (prevent-
zero) acts as a computationally lightweight mitigation for
extreme underflow, it is insufficient to resolve the structural
paradox for slightly larger values. Resolving the paradox on
real, deployed models requires targeted algorithmic interven-
tions, such as the 4-over-6 strategy, to prevent elements from
being forced into wide quantization gaps.

Crucially, our brute-force baseline reveals that the block-size
paradox is entirely an artifact of the scale-selection heuristic,
not a limitation of the FP4 format itself. This highlights a criti-
cal gap in current hardware-software co-design: while vendors
are rapidly adopting ultra-low precision formats, the standard
arithmetic heuristics (like abs-max) used to map values into
these formats leave significant theoretical performance on the
table. Unlocking the true potential of microscaling will require
moving beyond naive maximums and developing silicon-
friendly heuristics that approximate optimal scale selection
without incurring prohibitive computational latency.
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APPENDIX

A. Entry and Scale Histograms for Normal Distributions

The following histograms illustrate the absolute quantized
values and the corresponding scaling factors selected by each
methodology across the three critical standard deviations (σ)
identified as Regions A, B, and C in the numerical study
discussed in Section III-A and shown in Figure 1. Within
each figure, we show the histograms for the entries (left side)
along with their corresponding scaling factors (right side). The
color and row within each figure represent the four choices of
block size. The shaded-out red region represents values not
representable using the FP4 format.

These diagrams can help understand the numerical behavior
under quantization using different recipes by inspecting the
utilization of each bin of the entry and scale formats.

B. A closer look at model weights

This this section we inspect the raw weight values of
Granite-3.3-8B and Qwen2.5-14B shown in Figure 2 to better
understand how quantization and the range of values impact
the perplexity gap.

Figures 8 and 9 show the structure and aggregate distribu-
tion of the Granite and Qwen models examined. For Granite,
the distribution was more consistent among different layers,
while for Qwen we find individual columns of smaller values
for earlier layers (suggesting effectively structural sparsity).
In later layers, the weight values of Qwen fall into larger
magnitude bins at a higher proportion than Granite. This
may help explain why despite the aggregate distributions in
Figure 2 show more small values for Qwen, Granite was more
sensitive to quantization with techniques requiring preserva-
tion of small values. In particular using E4M3 scaling factors
without hierarchical scaling resulted in a consistently greater
perplexity gap.
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(a) Region A (b) Region B (c) Region C
Fig. 3: Standard Abs-Max Scaling. (a) Region A: At extremely small σ, the standard algorithm frequently selects a scaling
factor of zero, obliterating element information and causing a sharp MSE spike. (b) Regions B and C: At these ranges, we
find smaller blocks have more entries at the bin of magnitude 6. At Region B the scales are relatively concentrated at only a
few bins, while at Region C they are spread out across a wider range.

(a) Region A (b) Region B (c) Region C
Fig. 4: Prevent-Zero Adjustment. (a) Region A: Restricting the scaling factor to the smallest positive representable value
avoids a collapse to zero, preserving information and eliminating the localized MSE spike. (b) Region B: Elements remain
pushed into the coarse quantization gap between 4 and 6, visually confirming that preventing zero scales does not resolve the
structural element-level anomaly. (c) Region C: Behavior matches the standard abs-max methodology.

(a) Region A (b) Region B (c) Region C
Fig. 5: 4-over-6 Methodology. (a) Region A: While providing better overall bin utilization, the scaling factors can still struggle
with extreme underflow in this tiny magnitude regime. (b) Region B: By adaptively allowing a maximum target scale of 4, the
algorithm successfully avoids forcing elements into the massive upper quantization gap of FP4, resolving the scaling inversion
paradox. (c) Region C: Similar to Region B, with scaling factors spread across a wider set of bins. In both Regions B and C,
while there are fewer entries aggregated at the bin of magnitude 6 for small blocks, there are more at the bin of magnitude 4.
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(a) Region A (b) Region B (c) Region C
Fig. 6: Brute-Force Search. (a) Region A: The scaling factors chosen align with the prevent-zero adjustment. Choosing a larger
scaling value would result in underflowing too many entries (b) Region B: The scales show a somewhat wider distribution
compared to 4-over-6, and significantly larger compared to abs-max. Although for smaller blocks a larger portion of entries
fall into the magnitude 6 bin it is much less compared to abs-max (comparable to 4-over-6). However, many more values fall
into bins smaller than magnitude 4 compared to 4-over-6, suggesting in some cases the optimal result requires using only the
lower portion of the FP4 range. (c) Region C: Visually comparable to the 4-over-6 case. Although similar to Region B, there
are more entries in smaller magnitude bins.

Fig. 7: Clipping only MSE. This plot is analogous to Figure 1, showing only the clipping portion. Using 4-over-6 or brute
force substantially reduces the clipping error for smaller block sizes, explaining much of the inversion of MSE vs block size
at Region B.

Figure 10 shown an ablation where values between a lower
and upper magnitude thresholds have been set to zero. This
confirms that the smaller magnitude values seen in Qwen are
less consequential.
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(a) Granite weights for layer 2
down projection (sample).

(b) Granite weights for layer 2
down projection (distribution).

(c) Granite weights for layer 2
down projection (sample).

(d) Granite weights for layer 25
down projection (distribution).

Fig. 8: Granite 3.3 8B sample weights for layer 2 and layer 25 down projections. The distributions are similar at both parts of
the network, with values approximately equally distributed among the five chosen bins.

(a) Qwen weights for layer 2
down projection (sample).

(b) Qwen weights for layer 2
down projection (distribution).

(c) Qwen weights for layer 25
down projection (sample).

(d) Qwen weights for layer 25
down projection (distribution).

Fig. 9: Qwen 2.5 14B sample weights for layer 2 and layer 25 down projections. Earlier layers (a) show many columns with
small values. In the aggregate the center bin [-0.003, 0.003] contains most of the values (b). However, the structural sparsity
decreases for later layers, showing a more dense pattern (c). In the aggregate, larger magnitude bins contain most of the weight
entries (d).
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Fig. 10: Unquantized ablation with mapping of specific entry value ranges to zero (between lower and upper thresholds specified
on the y and x axis). The heatmaps illustrate the downstream perplexity gap when specific intervals of absolute weight and
activation values are masked to zero at full precision. Sweeping boundaries from 0.0 up to 0.035 reveals general robustness
of Qwen2.5-14B compared to Granite-3.3-8B. The diagonal which zeros out only one bucket shows that drastic increase in
the perplexity gap comes later for the Qwen model, generally showing that larger values in activation and weights are more
important for the Qwen model while Granite also relies on smaller values. This verifies our main findings that our prevent zero
method is effective for Granite to recover some of the perplexity with small block sizes. Meanwhile, Qwen is not negatively
affected by smaller block sizes, since its most impactful weights are larger than the region most impacted by the coarse E4M3
scaling factors. Additionally, this highlights that purely analyzing raw weight or activation values is not sufficient to pick
good quantization schemes since Qwen had several layers with small values (see Fig. 2), however, those value proved to be
inconsequential for downstream perplexity.
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