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ABSTRACT

Large language models (LLMs) have achieved remarkable success, but their
rapidly growing scale imposes prohibitive costs in memory, computation, and en-
ergy. Post-training quantization (PTQ) is a promising solution for efficient de-
ployment, yet achieving accurate W4A4 quantization remains an open challenge.
While most existing methods are designed for INT4 formats, the emergence of
MXFP4—a new FP4 format with various hardware support (NVIDIA, AMD, In-
tel)—raises questions about the applicability of current techniques. In this work,
we establish a comprehensive benchmark of PTQ methods under the MXFP4 for-
mat. Through systematic evaluation, we find that methods like GPTQ consistently
deliver strong performance, whereas rotation-based approaches, which are almost
used by all state-of-the-art approaches, suffer from severe incompatibility with
MXFP4. We further provide the first in-depth analysis of this conflict, tracing
its root to a fundamental mismatch between MXFP4’s PoT (power-of-two) block
scaling and the redistribution of outlier energy via global rotation. Building on
this insight, we propose a simple yet effective block rotation strategy that adapts
rotation-based methods to MXFP4, leading to substantial accuracy improvements
across diverse LLMs. Our findings not only offer clear guidance for practition-
ers but also set a foundation for advancing PTQ research under emerging low-
precision formats.

1 INTRODUCTION

Large language models (LLMs) have become the cornerstone of modern artificial intelligence, but
their ever-increasing scale incurs substantial memory, computation, and energy costs (Wu et al.,
2025; Dantas et al., 2025). Among numerous model compression techniques, post-training quanti-
zation (PTQ) has emerged as a practical solution due to its training-free nature and low engineering
overhead (Czakó et al., 2025). While INT8 and INT4 quantization have already been adopted in
practice, achieving accurate W4A4 (4-bit weights and 4-bit activations) remains a critical chal-
lenge (Elangovan et al., 2025). For more recently deliberated LLM models (e.g., LLaMA-3.2
1B/3B), naive 4-bit quantization often results in severe performance degradation (van Breugel et al.,
2025), making W4A4 a key research frontier for efficient LLM deployment.

Meanwhile, hardware advances have spurred the microscaling (MX) family of data formats (Han
et al., 2025), such as MXFP4. MXFP4 is an open standard format proposed by the Open Compute
Project (OCP) Rouhani et al. (2023), and currently has been supported by AMD Ryzen AI MAX+
395 (Luo et al., 2025), Nvidia RTX 5090/B200 (NVIDIA, 2023), etc. Compared with INT4, FP4
is better suited to handling long-tailed distributions (Lee et al., 2024). The use of shared block-
scale factors extends the representable dynamic range while simultaneously restricting the influ-
ence of outliers. It supports not only inference but also low-precision training (AMD, 2025; Mi-
crosoft, 2024), and can be efficiently emulated or converted on diverse platforms, including Apple
M-series chips, NVIDIA Ampere/Ada GPUs, and common x86 CPUs, thus offering broader soft-
ware and hardware compatibility. To our knowledge, the model openai/gpt-oss (OpenAI, 2025), as
the first LLM with native FP4 support, adopts MXFP4, underscoring its importance among future
low-precision formats.

Existing W4A4 methods are primarily designed for INT4 quantization and are typically evaluated
under different datasets, quantization settings, or simulation modes. As a result, practitioners lack
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clear guidance on how to apply these methods to the MXFP4 format. To address this gap, we cate-
gorize existing PTQ methods into three groups: (1) compensation-based, (2) transformation-based,
and (3) optimization-based. We then conduct a detailed comparative analysis of representative meth-
ods within each category under the MXFP4 format. Our evaluation highlights methods that achieve
significant improvements, and reveals the incompatibility between rotation-based techniques and
MXFP4.

Furthermore, we investigate why combining rotation with MXFP4 leads to performance col-
lapse (Lee et al., 2024). To the best of our knowledge, this is the first in-depth study of this issue.
We attribute the root cause to a fundamental mismatch: MXFP4 uses a shared PoT (power-of-two)
block-scale mechanism to suppress outliers, whereas rotation methods attempt to mitigate them by
distributing their energy across all channels. Based on this insight, we propose a grouped rotation
strategy to adapt rotation-based methods to MXFP4. This strategy can be easily integrated into
existing rotation schemes and substantially improves PTQ accuracy under MXFP4. Our work not
only provides practitioners with clear guidance for selecting effective quantization methods but also
establishes a direction for further community efforts in optimizing MXFP4 PTQ.

The key contributions of this paper are summarized as follows:

• We established a W4A4 quantization benchmark for the MXFP4 format, systematically catego-
rized existing PTQ methods, conducted a detailed evaluation of representative approaches, and
highlighted their limitations under this new format.

• We conduct a thorough investigation of rotation-based methods under the MXFP4 format, iden-
tifying that the destructive interaction is fundamentally caused by the combination of PoT scales
failing to recover large values within blocks and global rotations amplifying originally small
values.

• Building on this insight, we propose a Block-wise Rotation Quantization (BRQ) strategy that
adapts rotation methods to MXFP4. This strategy can be seamlessly integrated into existing
rotation schemes and substantially improves PTQ accuracy under MXFP4 across multiple models
and tasks.

2 CATEGORIZATION OF PTQ METHODS

We focus on fully quantized W4A4 PTQ methods, excluding mixed-precision schemes to ensure
fair and consistent evaluation under MXFP4. Our benchmark systematically examines existing low-
bit PTQ approaches for LLMs in this setting. For clarity, we categorize them into three classes:
compensation-based, transformation-based, and optimization-based.

2.1 COMPENSATION-BASED QUANTIZATION METHODS

Compensation-based methods reduce quantization errors by adjusting quantized weights to cor-
rect low-bit perturbations. GPTQ (Frantar et al., 2022), a representative approach, which performs
column-wise offline optimization of weight matrices utilizing second-order information approxima-
tions from the Hessian matrix, achieving precise compensation and significantly reducing overall
quantization loss. Subsequent methods extend this principle: BoA (Kim et al., 2024) incorporates
attention-aware Hessians, RSQ (Sung et al., 2025) applies token-wise weighting, QuantEase (Behdin
et al., 2023) leverages coordinate descent for forward reconstruction, VPTQ (Liu et al., 2024a) com-
bines vector quantization with channel-independent second-order optimization, and APTQ (Guan
et al., 2024) uses Hessian traces to guide selective mixed-precision quantization.

Together, these compensation-based approaches share the principle of explicit error correction, mak-
ing them particularly effective for transformer-based LLMs, especially in attention-dense modules
sensitive to low-bit perturbations.

2.2 TRANSFORMATION-BASED METHODS

In the low-bit case, outliers can significantly increase the quantization error. Applying carefully
designed equivalent transformations can redistribute or reshape the data to reduce the impact of ex-
treme values. SmoothQuant (Xiao et al., 2023) applies a smoothing transformation to redistribute
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large activation outliers to the corresponding weight scales, thereby mitigating their impact on low-
bit quantization. Building on a similar principle, QServe (Lin et al., 2024b) integrates progres-
sive low-bit quantization with system-level optimization and SmoothAttention to improve inference
throughput while maintaining model fidelity. QuIP Chee et al. (2024) introduces incoherent process-
ing to decorrelate the contributions of outliers in both weight and activation spaces. QuIP# Tseng
et al. (2024) further enhances computational efficiency by employing a randomized Hadamard trans-
form, which improves orthogonality and reduces inter-channel coherence. QuaRot (Ashkboos et al.,
2024) and DuQuant (Lin et al., 2024a) leverage rotation transforms to spread outlier values across
subspaces of smaller-magnitude activations or multiple channels, reducing sensitivity to low-bit rep-
resentation and improving reconstruction accuracy.

These transformation-based methods are particularly effective for modules that exhibit high activa-
tion variance or extreme outliers and are fundamental to optimization-based methods.

2.3 OPTIMIZATION-BASED METHODS

Given the difficulty of manually designing equivalent transformations, some studies propose pa-
rameterizing these transformations as learnable variables, allowing them to be optimized within the
model to achieve higher performance. OmniQuant (Shao et al., 2023) introduces learnable weight
clipping and equivalent transformations to achieve superior W4A4 quantization performance. Spin-
Quant (Liu et al., 2024b) demonstrates that optimizing rotation matrices is more effective than ran-
dom transformations in dispersing weight outliers, significantly reducing quantization errors in ex-
tremely low-bit scenarios. AffineQuant (Ma et al., 2024) and FlatQuant (Sun et al., 2024) extend
this principle by applying affine transformations to jointly adjust weights and activations, flatten-
ing distributions to mitigate the impact of outliers and simplify the optimization process. Kur-
Tail (Sadegh Akhondzadeh et al., 2025) leverages kurtosis-based rotation to alleviate outliers in
LLM activations, achieving high-fidelity low-bit quantization.

Overall, optimization-driven methods can fully exploit gradient information to adaptively adjust
weights and activations under strict low-bit constraints, achieving near-optimal accuracy in low-bit
settings.

3 BENCHMARK AND ANALYZE

To assess whether existing PTQ algorithms fully exploit MXFP4, we establish a comprehensive
benchmark. Instead of proposing new techniques, our aim is to objectively evaluate representative
methods from three categories in this section. We test seven state-of-the-art approaches on models
of varying scales. To capture overall trends, we average perplexity and downstream accuracy across
models and report results in Figure 1. This benchmark provides a fair basis for comparison and
reveals key limitations that motivate the existing method.

3.1 EXPERIMENTAL SETUP

All experiments are carried out on NVIDIA A800 GPU servers, with MX format quantization sim-
ulated using Microsoft’s open-source repository microsoft/microxcaling (Microsoft, 2024).

Method selection. We selected representative PTQ methods from the three categories in Section 2.
For compensation-based methods, we chose GPTQ (Frantar et al., 2022). Transformation-based
methods include SmoothQuant (Xiao et al., 2023) and QuaRot (Ashkboos et al., 2024). Notably, we
distinguish between two variants of QuaRot: QuaRot, which applies random rotation with RTN, and
QuaRot+, which integrates random rotation with GPTQ, in order to separately evaluate the effect of
random rotation alone and in combination with GPTQ. Optimization-based methods comprise Om-
niQuant (Shao et al., 2023) and SpinQuant (Liu et al., 2024b), representing parameter optimization
and end-to-end rotation optimization, respectively. We also include round-to-nearest (RTN) INT4
with block size 32 and FP16 scale as a naive baseline (BINT4).

Models. We benchmarked selected methods on multiple widely adopted large language models, in-
cluding LLaMA-2 7B/13B, LLaMA-3 8B, LLaMA-3.2 1B/3B and Mistral-7B, which span different
scales and architectures. These models represent a spectrum of modern transformer-based LLMs
and provide a robust testbed for quantization research.
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Table 1: Comparison of WikiText perplexity (Wiki) and average zero-shot accuracy (Avg.) across
multiple LLMs under FP16, BINT4, and MXFP4 quantization. QuaRot+ denotes the variant inte-
grated with the GPTQ algorithm. The best results are highlighted in black bold, while the worst
results are highlighted in gray bold. Detailed results are provided in Appendix A.5.

Method LLaMA-2 7B LLaMA-2 13B LLaMA-3 8B LLaMA-3.2 1B LLaMA-3.2 3B Mistral 7B
Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg.

FP16 5.47 62.59 4.88 64.89 6.14 65.85 9.75 53.81 7.81 61.60 5.25 66.73
BINT4 5.94 61.30 5.16 63.32 7.40 63.12 13.56 48.36 9.29 57.47 5.63 65.28
RTN 7.08 57.26 5.90 61.40 8.23 60.61 15.91 46.89 10.27 55.22 6.56 62.86

GPTQ 6.56 59.27 5.41 62.91 7.68 61.48 13.35 48.52 9.50 55.40 6.00 63.34
SmoothQuant 7.04 57.18 5.73 61.52 8.11 61.22 16.86 46.48 10.38 55.05 6.49 62.96

QuaRot 13.09 50.32 7.03 59.09 9.56 59.26 17.86 45.42 13.36 51.60 6.65 60.33
QuaRot+ 6.29 58.35 5.57 61.57 7.68 61.57 12.78 48.83 9.92 55.91 5.73 63.66

OmniQuant 6.56 56.67 5.43 61.89 8.16 60.47 14.32 48.17 9.85 55.76 6.37 61.82
SpinQuant 5.99 59.24 5.20 62.78 7.62 61.93 12.72 49.09 9.85 56.19 5.68 63.79

Datasets and metrics. We evaluated perplexity (PPL) on WikiText2 as a proxy for language model-
ing quality, and accuracy on five zero-shot downstream tasks: PIQA (Bisk et al., 2020), WinoGrande
(Sakaguchi et al., 2021), OpenBookQA Mihaylov et al. (2018), ARC-Easy and ARC-Challenge (Bo-
ratko et al., 2018).

3.2 EVALUATIONS

As shown in Table 1, MXFP4 RTN suffers a substantial accuracy drop compared to FP16 and even
BINT4 baselines. This demonstrates that despite MXFP4’s significant hardware advantages, PTQ
on it remains a significant challenge, further highlighting the need to systematically evaluate the
performance of existing PTQ methods on MXFP4.

In addition, we can see that most methods yield some improvements when directly applied to the
MXFP4 format. GPTQ stands out by consistently delivering notable gains, even surpassing BINT4
on certain models (e.g., LLaMA-3.2 1B: 15.91/46.89 → 13.35/48.52). However, other methods are
less reliable. OmniQuant requires delicate hyperparameter tuning to achieve stable optimization on
small models (LLaMA-3.2 1B/3B), yet still underperforms GPTQ (e.g., LLaMA 3.2 1B PPL 14.32
vs. 13.35). SmoothQuant provides only marginal benefits and can even harm performance, revealing
MXFP4’s heightened sensitivity to parameter magnitudes under its scaling scheme.

The most striking results arise from rotation-based methods. QuaRot, when combined with RTN,
leads to catastrophic degradation (e.g., LLaMA-2 7B: 7.08/57.26 → 13.09/50.32). Even when inte-
grated with GPTQ, performance gains remain inconsistent and limited. This indicates a structural
incompatibility between random rotations and MXFP4, but the root cause of this destructive inter-
action has not yet been thoroughly discussed by research (Lee et al., 2024). SpinQuant leverages a
straight-through estimator for end-to-end optimization, which enables rotations to adaptively align
with the non-uniform scaling of MXFP4. While this enforced optimization does alleviate the in-
compatibility to some extent, it delivers only marginal improvements over QuaRot+ (e.g., Mistral
7B: 5.73/63.66 → 5.68/63.79), suggesting that optimization alone does not fully resolve the com-
patibility issue.

Given the critical role of rotation in INT4 quantization, we further examine its impact across other
commonly used quantization formats. Figure 2 reports results for rotation and its variants under
INT4 (weight per-channel symmetric quantization with per-token asymmetric activation quantiza-
tion), BINT4, BFP4 (FP4 variant of BINT4), as well as MXINT4 and MXFP4. The key findings
can be summarized as follows:

A. INT4 benefits substantially from rotation. In the widely studied INT4 setting, applying rota-
tion alone yields significant performance improvements. When combined with GPTQ or rotation
optimization, the gains are further amplified, indicating that rotation is particularly effective for
uniformly distributed integer formats.

B. FP4 formats outperform INT4 without rotation. When not using rotation, BFP4 and MXFP4
achieve consistently higher performance than BINT4 and MXINT4, suggesting that FP4’s wider
dynamic range and representational flexibility are better suited for 4-bit quantization.
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Figure 1: Overall performance of quantization
methods under MXFP4. The x-axis shows per-
plexity, the y-axis shows average downstream ac-
curacy, and methods nearer the top-left are closer
to the FP16 baseline, indicating better perfor-
mance.

Figure 2: Effect of rotation and its variants across
different quantization formats. Rot applies a ran-
dom Hadamard transform with RTN; Rot+GPTQ
combines the transform with GPTQ; and Opt.
Rot+GPTQ employs an optimized rotation ma-
trix with GPTQ.

C. Random rotation degrades performance in group-wise formats. In contrast to INT4, group-
wise quantization formats (BINT4, BFP4, MXINT4, MXFP4) suffer from performance degradation
under random rotation. The effect is especially pronounced in MX-based formats, where perfor-
mance can drop below that of simple RTN.

D. Divergent behaviors under FP16 vs. PoT scaling. For FP16-scale formats, BINT4 outperforms
BFP4 after random rotation. Conversely, for PoT-scale formats, MXFP4 underperforms compared
to its INT4 counterpart (MXINT4).

E. PoT scaling in MX formats incurs additional loss. Comparing MXINT4/MXFP4 against their
FP16-scale counterparts BINT4/BFP4, PoT scaling consistently introduces larger quantization er-
rors, which become even more severe after rotation.

F. Optimized rotation remains limited on MXFP4. While optimized rotation combined with
GPTQ improves MXFP4 performance, the final results still lag behind those of INT4 under compa-
rable configurations.

Overall, these results reveal a striking divergence: while rotation and its variants consistently en-
hances INT4, it fails to generalize to MXFP4. In particular, the interaction between rotation and
MXFP4’s block-wise PoT scaling leads to unique degradation patterns. This raises an important
open question: Why does a technique that is fundamentally beneficial in INT4 become harmful
in MXFP4? To address this, we next conduct a deeper analysis of MXFP4’s structural characteris-
tics and their destructive interplay with rotation-based transformations.

4 WHY ROTATION TRANSFORMS HURT MXFP4

To understand why rotation transformations—despite their remarkable success on INT4—degrade
quantization accuracy under the MXFP4 format, we first dissect the unique characteristics and inher-
ent limitations of MXFP4. We then analyze how rotation reshapes model data distributions, and by
synthesizing these perspectives, we identify the root cause of their conflict. Building on this insight,
we further propose a practical solution to reconcile the incompatibility.

4.1 LIMITED RECOVERY OF LARGE VALUES IN MXFP4 BLOCKS

MXFP4 represents each value in the E2M1 format, with one sign bit, one mantissa bit, and two
exponent bits. It applies symmetric per-group quantization with a fixed group size of 32, where each
group is associated with an E8M0 (PoT) scaling factor directly integrated into hardware. With finer
granularity and FP4’s non-uniform representation, MXFP4 achieves a substantially higher quanti-
zation signal-to-noise ratio (QSNR) than per-tensor or per-channel INT4, thus better approximating
full-precision values (Darvish Rouhani et al., 2023).

Figure 2 shows that BFP4 and MXFP4 can lead to significant performance differences due to differ-
ent scale formats. To further investigate the differences between these scales, we categorize quan-
tization blocks into two types: “regular blocks,” which contain no outliers, and “outlier blocks,”
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(a) PoT round error. (b) Regular block. (c) Outlier block.
Figure 3: (a) illustrates the rounding error curve of PoT format. (b) and (c) show the quantization
error of MXFP4 relative to BFP4 for regular and outlier blocks, respectively. Bar charts represent
the original activation values (right axis), lines indicate the relative quantization error (left axis).

which include one or more outliers (here outliers are defined as the top 0.1% of activations in de-
scending order of absolute value (Dettmers et al., 2022)). Figure 3b and 3c visualizes MXFP4’s
quantization error relative to BFP4 for both block types. We observe that for both regular and outlier
blocks, the error increases with the magnitude of the elements. Notably, in outlier blocks, the quan-
tization loss of outlier is up to five times larger than the maximum loss in regular blocks. This is
primarily due to the PoT format’s coarse granularity at large magnitudes, which amplifies rounding
errors when representing large values (see Figure 3a).

In summary, the main bottleneck of MXFP4 lies in its limited ability to reconstruct large values
in blocks, with the reconstruction error increasing sharply with magnitude. Therefore, improving
MXFP4 performance ultimately depends on effectively reducing these large values.

4.2 ROTATION INDUCED GROWTH OF SMALL VALUES

In W4A4 quantization, the primary source of performance degradation is the quantization error of
activations (Ashkboos et al., 2024). To investigate the compatibility issues between rotation-based
transformations and the MXFP4 format, we conducted a detailed analysis of activation distributions
before and after rotation.

few large much small

Original

balance & grow up

Global Rotation

cut large keep small

Block-wise Rotation

Outlier Block Regular Block

Figure 4: Comparison of the distribution of Llama-3 8B activation after different transformations.
More block-scale visualizations are provided in Appendix A.4.

As illustrated in Figure 4, conventional rotation methods employ rotation matrices to redistribute
outliers originally concentrated in a few channels across all dimensions, thereby reducing quanti-
zation error. However, rotation does not reduce the overall energy; the L2 norm of the activations
remains unchanged. In effect, the energy from the original outlier channels is not eliminated but
redistributed across previously small-value channels, which consequently become magnified. To
examine this effect, we sampled 2,048 activations from LLaMA-3 8B and analyzed their distribu-
tional shifts after rotation, as shown in Figure 5. The results indicate that rotation largely removes
the ∼1% of activations exceeding 3 (corresponding to the blue area in the figure), but at the cost
of substantially increasing the proportion of activations greater than 1.5 (from about 5% before
rotation to 11% after rotation, corresponding to the green area in the figure). This evidence clearly
demonstrates the effect of rotation on amplifying small-value blocks.

Synthesizing the above observations, we attribute the incompatibility between rotation and MXFP4
quantization to the following destructive interactions:
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Figure 5: The effect of rotation transformation on
activation distribution. The horizontal axis rep-
resents the segmentation threshold, and the verti-
cal axis represents the percentage of data greater
than the threshold.

Figure 6: Average quantization loss (logarithmic
result) of regular blocks after applying different
rotations, where outliers are defined as the top
0.1% of activations in descending order of abso-
lute value (Dettmers et al., 2022).

• Global rotation amplifies the scales of regular blocks, thereby increasing their quantization diffi-
culty.

• The poor reconstruction of large values within MXFP4 blocks further exacerbates the quantiza-
tion error of these amplified regular blocks.

• Since regular blocks vastly outnumber outlier blocks, the accumulated errors across them domi-
nate, ultimately leading to a substantial increase in overall quantization loss after rotation.

To validate this inference, we measure the average quantization error of regular blocks across dif-
ferent models before and after applying global rotation. As shown in Figure 6, regular-blocks’
quantization losses significantly increase after rotation, providing strong evidence for our conjec-
ture. Since regular blocks vastly outnumber outlier blocks, this imbalance ultimately leads to the
collapse of quantization accuracy under MXFP4 when global rotation is applied.

4.3 THEORETICAL ANALYSIS OF GLOBAL ROTATION DEGRADATION

Proof 1: Rotation increases the scale of regular blocks.

Let X = [x1, x2, . . . , xD] ∈ RD be an activation vector, and let H ∈ RD×D denote a Hadamard
transform. Define the activation “energy” as the squared ℓ2 norm, E(X) = ∥X∥22. Since orthogonal
rotations preserve the ℓ2 norm, we have E(HX) = ∥HX∥22 = ∥X∥22 = E(X). Let Ω be the index
set of outlier channels in X , with the remaining indices regarded as regular channels. Suppose there
exist thresholds α and β such that for all i /∈ Ω, |xi| ≤ α, and for all i ∈ Ω, |xi| ≥ β, with β ≫ α.
Consider block-wise quantization with block size B. Let si be the quantization scale for block i,
i = 1, 2, . . . , D/B. Let Ωb be the index set of outlier blocks (i.e., blocks containing at least one
outlier channel). Then si ≥ β for i ∈ Ωb and si ≤ α for i /∈ Ωb. Assume an idealized setting in
which the rotation approximately equalizes energy across channels. Then each block approximately
receives an equal share of the total energy. For a regular block Xi (i /∈ Ωb), the pre-rotation energy
is bounded by Ebr(Xi) ≤ Bα2. After rotation, the block energy is approximately

Ear(Xi) ≈
E(X)

D/B
≥ nBβ2

D
, (1)

where n = |Ω| is the number of outlier channels. Therefore,

Ear(Xi)

Ebr(Xi)
≥ nβ2

Dα2
. (2)

Here, n/D is the fraction of outlier channels, and β/α is the outlier-to-regular magnitude ratio. Prior
work typically reports n/D in the 0.1%–1% range and β/α in the hundreds to thousands (Raman
et al., 2025; An et al., 2025; Xiang & Zhang, 2024). This implies that, after rotation, the energy of
regular blocks is larger than before, and thus their scales increase. This matches the visual patterns
shown in Figure 4.

Proof 2: Larger scale increases quantization error.

Let X be an activation to be quantized with symmetric min–max scaling. Let s denote the scale,
equivalently mapping the range [−a, a] (with a = max |X|) to the quantization grid. Consider
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uniform integer quantization with bit-width b, giving L = 2b − 1 grid points. The quantization step
size is

∆ =
2a

L− 1
≈ 2a

L
. (3)

Let Q(·) denote rounding-and-clipping, and let the error be E = X − Q(X). Within a single
quantization bin of width ∆, the error is approximately distributed symmetrically in [−∆/2,∆/2].
The per-bin mean squared error (MSE) is thus the variance of a uniform distribution,

MSEbin ≈ E[e2] =
∆2

12
. (4)

Hence the overall MSE scales proportionally to ∆2. Since ∆ ∝ a (or equivalently to the effective
scale), we get

MSE ∝ ∆2 ∝ a2. (5)

In other words, when min–max scaling increases the scale (or the maximum absolute value a), the
quantization error grows quadratically. Although MXFP4 uses a floating-point-like code, its “scale”
(i.e., the exponent offset/dynamic range that aligns the block) determines the spacing between rep-
resentable values, which typically expands with scale (linearly or exponentially depending on the
exponent). Whether fixed-point or floating-point quantization, enlarging the representable spacing
increases the error bound; in practice the MSE growth remains well-approximated as scaling with
the square of the effective scale. Therefore, the conclusion holds: larger scale → larger spacing
→ larger quantization error.

In addition, MXFP4 also has rounding error due to scale quantization. Since the Pot step size grows
exponentially, the expected rounding error will also change exponentially with the increase of scale,
as shown in Figure 3a, thereby further improving the overall quantization error.

Putting Proof 1 and 2 together, global rotation increases the quantization error of regular blocks,
consistent with the statistics in Figure 6.

4.4 FIX ROTATION IN MXFP4

Block-wise Rotation
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Figure 7: Block rotation’s intuition: Global ro-
tations spread outliers across all channels, inflat-
ing regular block scales and worsening quantiza-
tion error. Block-wise rotations redistribute out-
liers locally, mitigating outlier effect while keep-
ing regular block scales intact, thereby minimiz-
ing quantization error.

To mitigate the incompatibility between ro-
tation and the block-wise PoT scale inherent
to MXFP4, we propose a block-wise rotation
strategy, which applies rotation transformations
independently within each quantization block,
as shown in Figure 7. Unlike global rota-
tion, which mixes outliers across all channels,
block-wise rotation partitions activations into
fixed-size groups (aligned with MXFP4 blocks,
e.g., 32 channels) and performs an independent
orthogonal transformation within each group.
This design preserves the denoising effect of
rotation while preventing excessive amplifica-
tion of small-value channels caused by global
mixing. The rotation matrix fusion method and
position are consistent with SpinQuant.

Formally, let x ∈ RN denote the activation vector for the linear, partitioned into B blocks of size g
(N = B × g). Block-wise rotation constructs a block-diagonal matrix:

Rblock = diag(R1, R2, . . . , RB), Ri ∈ Rg×g, R⊤
i Ri = I. (6)

Block-wise rotation offers multiple advantages over global rotation:

• Outlier suppression: By applying rotations independently within each block, the block rota-
tion matrix effectively redistributes outliers that were previously concentrated in a few channels.
This discretization prevents any single outlier from dominating the quantization process, thereby
reducing the quantization error of outlier blocks.
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• Controlled quantization error: Because each block is rotated independently, the amplification
of small-value channels caused by rotation is confined within the block itself. This prevents error
propagation across blocks, remains controlled the quantization loss in regular blocks, which is a
key issue in global rotation.

• Reduced online computing: Block-wise rotation substantially reduces the online rotation com-
putation (same as SpinQuant’s R4) before the downproj layer. For an input dimension of N ,
global rotation incurs O(N2) complexity, whereas block-wise rotation reduces it to O(N × 32).
This reduction not only enhances computational efficiency but also facilitates the practical de-
ployment of rotation-based quantization at scale.

5 EXPERIMENT

In this section, we evaluate BRQ using the same test sets and hyperparameters as in Section 3.
Comparisons are made with GPTQ, QuaRot+, SpinQuant, RTN, and BINT4. Beyond the LLaMA
and Mistral models, we also include evaluations on the Qwen (Team, 2024) model.

5.1 MAIN RESULTS

Table 2: Performance comparison of BRQ using randomized block rotations and existing PTQ
methods without optimization. LLaMA-2 7B/13B/70B, Qwen2.5 7B and Mixtral 8×7B results
can be found in the Appendix A.3/ A.5.

Method LLaMA 3 8B LLaMA 3.2 1B LLaMA 3.2 3B Mistral 7B Qwen2.5 1.5B Qwen2.5 3B
Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg.

FP16 6.14 65.85 9.75 53.81 7.81 61.60 5.25 66.73 9.87 58.83 8.03 61.91
BINT4 7.40 63.12 13.56 48.36 9.29 57.47 5.63 65.28 13.98 53.98 10.32 58.03
RTN 8.23 60.61 15.91 46.89 10.27 55.22 6.56 62.86 16.61 52.69 11.03 57.77

GPTQ 7.68 61.48 13.35 48.52 9.50 55.40 6.00 63.34 13.94 53.13 10.20 58.23
QuaRot+ 7.68 61.57 12.78 48.83 9.92 55.91 5.73 63.66 12.80 53.50 9.65 58.27

BRQ 7.14 63.54 11.95 49.87 9.41 56.88 5.59 64.19 12.15 54.83 9.48 59.68

Table 2 presents the results of combining block-wise randomized Hadamard rotations with GPTQ
under the MXFP4 format. Compared to the global rotation in QuaRot+, BRQ delivers substan-
tial improvements, surpassing the strong BINT4 baseline in all cases except LLaMA-3.2 3B. Par-
ticularly, on the more challenging LLaMA-3.2 1B and Qwen2.5 1.5B models, BRQ reduces per-
plexity from 12.78/12.80 to 11.95/12.15 and raises downstream task accuracy from 48.83/53.50 to
49.87/54.83. These results confirm that block-wise rotation is key to reconciling rotation-based
methods with MXFP4, further corroborating our analysis in Section 4.

Table 3: Performance comparison of optimized block rotation transformation (BRQSpin), random
block rotation transformation (BRQ), and optimized global rotation transformation (SpinQuant).

Method LLaMA 3 8B LLaMA 3.2 1B LLaMA 3.2 3B Mistral 7B Qwen2.5 1.5B Qwen2.5 3B
Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg. Wiki Avg.

FP16 6.14 65.85 9.75 53.81 7.81 61.60 5.25 66.73 9.87 58.83 8.03 61.91
SpinQuant 7.62 61.93 12.72 49.09 9.85 56.19 5.68 63.79 12.64 53.57 9.58 59.09

BRQ 7.14 63.54 11.95 49.87 9.41 56.88 5.59 64.19 12.15 54.17 9.48 59.68
BRQSpin 7.13 63.39 11.93 50.00 9.08 57.29 5.57 64.26 11.95 55.07 9.46 59.65

We next evaluate the benefits of optimizing block rotation matrices. Table 3 compares SpinQuant,
BRQ with randomized block rotations, and BRQSpin, where block rotations are optimized within
the SpinQuant framework. Following the SpinQuant setup, we adopt Cayley Adam (Li et al., 2020)
and optimize using 800 sequences of length 2048 from Wikitext2.

Even without optimization, BRQ already outperforms SpinQuant with optimized global rotations.
For instance, on LLaMA-3 8B, BRQ reduces perplexity from 7.62 (SpinQuant) to 7.14, also sur-
passing BINT4 (7.40). On downstream tasks, accuracy improves from 61.93 (SpinQuant) to 63.54,
narrowing the error gap by 41%. Similar trends hold across other models. Given that SpinQuant in-
curs high optimization costs (Liu et al., 2024b), BRQ’s ability to achieve better performance without
optimization undoubtedly enhances its practicality for real-world deployment.
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Moreover, optimization brings further gains: for LLaMA-3.2 3B, perplexity decreases from 9.41
with random block rotations to 9.08 after optimization, significantly better than SpinQuant’s 9.85.
However, the improvements remain limited for many models, such as LLaMA-3 8B and Mistral 7B.
These findings not only demonstrate the compatibility of BRQ with existing frameworks but also
suggest the potential limitations of the SpinQuant optimization scheme.

5.2 EFFECT OF ROTATION DIMENSION

Figure 8: The effect of rotation matrix dimension
on quantization accuracy.

To further verify the fit of rotation dimension
size to MXFP4, Figure 8 reports the PPL results
of LLaMA-3 8B and LLaMA-3.2 1B/3B with
different rotation dimensions. We observe that
using larger rotation dimensions amplifies the
impact of outliers and thus increases the over-
all loss, while smaller dimensions suffer from
insufficient discrete channels. The best PPL is
achieved when the rotation dimension matches
the MXFP4 block size, which is consistent with
our analysis in Section 4.

5.3 PERFORMANCE ANALYSIS

Table 4: Prefill latency (ms) for LLaMA-2 7B with different sequence lengths and batch sizes. Over-
head is calculated relative to MXFP4.See the appendix A.8 for comparison of generation speeds.

Batch Method SeqLen 512 SeqLen 1024 SeqLen 2048 SeqLen 4096
Latency Overhead Latency Overhead Latency Overhead Latency Overhead

MXFP4 243.09 - 339.31 - 584.31 - 1274.84 -
1 QuaRot 260.18 7.03% 362.91 6.96% 618.43 5.84% 1334.03 4.64%

BRQ 253.35 4.22% 353.30 4.12% 604.25 3.41% 1307.10 2.53%
MXFP4 732.34 - 1444.37 - 3449.58 - 8699.71 -

8 QuaRot 789.13 7.75% 1547.36 7.13% 3646.83 5.72% 9032.39 3.82%
BRQ 763.72 4.28% 1499.30 3.80% 3554.16 3.03% 8816.30 1.34%

We implement our method on PyTorch with CUDA 12.4 and employ microsoft/microxcaling (Mi-
crosoft, 2024) for MXFP4 quantization. In this section, we compare the performance of BRQ and
QuaRot on both the prefill and decode stages using NVIDIA A800 GPUs.

We evaluate the prefill speed of LLaMA-2 7B models, with results reported in Table 4. As expected,
the block-wise rotation in BRQ drastically reduces the online rotation computation. Compared to
QuaRot, BRQ lowers the additional inference latency caused by rotation by 40%, further improving
the practicality of rotation-based quantization methods. Note that since the A800 does not natively
support FP4 inference, inference speed would be further improved on dedicated MXFP4 hardware.

6 CONCLUSION AND FUTURE WORK

In this study, we benchmarked representative INT4 PTQ algorithms under the MXFP4 format, sys-
tematically revealing the limitations of existing methods in this hardware-friendly setting. We an-
alyzed the incompatibility between MXFP4 and rotation-based approaches, identifying the conflict
between block-wise quantization and rotation-induced energy redistribution, amplified by MXFP4’s
PoT scale. To address this, we introduce BRQ, which adapts rotation to MXFP4, resolving compat-
ibility issues and significantly improving PTQ performance.

Looking ahead, we plan to explore better rotation matrix optimization solutions, and whether re-
placing the online fast Hadamard transform (same as SpinQuant’s R4) with optimized block-wise
rotations can further enhance accuracy while carefully balancing inference latency. This work aims
to provide both theoretical insights and practical guidance for deploying large language models on
next-generation low-bit floating-point hardware.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

REFERENCES

AMD. Amd quark model optimizer, 2025. URL https://github.com/amd/Quark. Ac-
cessed: 2025-09-02.

Yongqi An, Xu Zhao, Tao Yu, Ming Tang, and Jinqiao Wang. Systematic outliers in large language
models. arXiv preprint arXiv:2502.06415, 2025.

Saleh Ashkboos, Amirkeivan Mohtashami, Maximilian L Croci, Bo Li, Pashmina Cameron, Martin
Jaggi, Dan Alistarh, Torsten Hoefler, and James Hensman. Quarot: Outlier-free 4-bit inference in
rotated llms. Advances in Neural Information Processing Systems, 37:100213–100240, 2024.

Kayhan Behdin, Ayan Acharya, Aman Gupta, Qingquan Song, Siyu Zhu, Sathiya Keerthi, and Rahul
Mazumder. Quantease: Optimization-based quantization for language models. arXiv preprint
arXiv:2309.01885, 2023.

Yonatan Bisk, Rowan Zellers, Jianfeng Gao, Yejin Choi, et al. Piqa: Reasoning about physical com-
monsense in natural language. In Proceedings of the AAAI conference on artificial intelligence,
volume 34, pp. 7432–7439, 2020.

Michael Boratko, Harshit Padigela, Divyendra Mikkilineni, Pritish Yuvraj, Rajarshi Das, Andrew
McCallum, Maria Chang, Achille Fokoue-Nkoutche, Pavan Kapanipathi, Nicholas Mattei, et al.
A systematic classification of knowledge, reasoning, and context within the arc dataset. arXiv
preprint arXiv:1806.00358, 2018.

Jerry Chee, Yaohui Cai, Volodymyr Kuleshov, and Christopher M De Sa. Quip: 2-bit quantization
of large language models with guarantees. Advances in Neural Information Processing Systems,
36, 2024.
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A APPENDIX

A.1 USE OF LLMS

The text in this paper has been professionally refined using LLM to enhance clarity, coherence, and
adherence to academic writing standards.

A.2 EXPERIMENTAL DETAILS

In this section, we provide the detailed hyperparameter settings used for each method in the bench-
mark, to ensure reproducibility of our experiments. All methods employ WikiText2 as the calibration
dataset, and were conducted on NVIDIA A800 GPUs.

• FP16: All models are configured to use float16 for FP16 benchmarking.

• GPTQ: Calibrated with 128 sequences of length 2048. The damping parameter for Hessian
estimation is set to 0.01, following the authors’ recommendation (Frantar et al., 2022).

• SmoothQuant: Calibrated with 512 sequences of length 512 for activation scaling. The
smoothing coefficient α is set to 0.85, consistent with the official repository (Xiao et al.,
2023).

• OmniQuant: Calibrated with 128 sequences of length 2048, with optimization applied to
learnable weight clipping and equivalent transformations (Shao et al., 2023).

• SpinQuant: Calibrated with 800 sequences of length 2048, optimized via the Cayley
SGD (Li et al., 2020) optimizer for rotation matrix training (Liu et al., 2024b).

• BRQ: BRQ is same as SpinQuant, but with block-wise rotation. The block-wise rotations
are fused/appended at the same locations as in SpinQuant (include R1, R2 and R4), which
consists of 32-dimensional random Hadamard transformations, as shown in Equation 6.
The paper uses randomized block Hadamard transform by default for BRQ, while BRQSpin

uses the SpinQuant-optimized block Hadamard transform. After fusing the rotations, we
quantize weights to 4 bit with GPTQ (MXFP4).
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A.3 APPLICATION ON 70B MODEL

To explore the effect of BRQ on larger-scale models, we conducted comparative experiments on
LLaMA-2 70B. As shown in Table 5, BRQ consistently outperforms existing methods at this
scale. In particular, compared with QuaRot—which also leverages randomized Hadamard trans-
forms—BRQ reduces the perplexity of LLaMA-2 70B from 3.76 to 3.62, while improving the aver-
age downstream accuracy from 68.86 to 69.10. Due to memory limitations on our available servers,
we were unable to apply SpinQuant to the 70B model, and thus its results are not reported here.
These results further demonstrate the effectiveness of BRQ on large-scale models.

Table 5: Performance of different quantization methods on LLaMA-2 70B.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 3.32 77.97 82.75 48.80 81.01 57.50 69.61
RTN 4.20 75.92 80.90 46.00 78.53 53.32 66.93

GPTQ 3.79 75.37 80.84 48.00 79.92 54.60 67.75
QuaRot+ 3.76 77.66 81.82 47.80 79.75 57.25 68.86

BRQ 3.62 77.68 82.54 47.60 80.30 57.40 69.10

A.4 ROTATION COMPARISON

Figure 9 illustrates the block-wise scale distribution (defined as the maximum absolute value within
each block) under the original activations and after applying global rotation. In the original activa-
tions, only a small fraction of blocks contain outliers, while most blocks maintain relatively small
scales. After global rotation, although the prominent outliers are mitigated, the scales of more than
70% of the regular blocks increase substantially. This amplification of regular-block scales is the
fundamental reason behind the collapse of quantization performance under MXFP4 following global
rotation.

Figure 9: Changes in block maximum values after applying global rotation.

We further analyze the blocks that exhibited significant scale growth in Figure 10 and evaluate the
impact of block-wise rotation on these blocks. Figure 8 compares the scale distributions under
global rotation and block-wise rotation. We observe that block-wise rotation mitigates over 80% of
the scale inflation introduced by global rotation. This result provides strong evidence that block-
wise rotation effectively alleviates the quantization degradation caused by global rotation, thereby
confirming its effectiveness.
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Figure 10: Comparison of group maximum values after global rotation and block rotation.

A.5 DETAILED RESULTS

This section presents the detailed results of the experiments reported in the main text. Notably, in
these experiments, BRQ employs block-wise stochastic Hadamard matrices for rotation without any
additional optimization of the rotation matrices.

A.5.1 LLAMA RESULTS

The following are the detailed experimental results of the LLaMA family series models in Tables 1
and 2.

Table 6: Evaluation of different methods on LLaMA-2 7B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 5.47 68.98 79.05 44.20 74.57 46.16 62.59

BINT4 5.94 68.19 76.93 43.00 73.65 44.71 61.30
RTN 7.08 64.80 76.39 39.20 65.70 40.19 57.26

SmoothQuant 7.04 64.64 76.17 39.00 66.75 39.33 57.18
GPTQ 6.56 66.61 76.55 40.60 71.12 41.46 59.27

OmniQuant 6.56 63.06 76.33 36.60 67.09 40.27 56.67
QuaRot 13.09 59.11 71.21 34.40 55.05 31.82 50.32

QuaRot+ 6.29 67.24 75.68 39.80 69.02 40.01 58.35
SpinQuant 5.99 66.14 77.69 40.40 70.58 41.38 59.24

BRQ 5.84 67.09 76.77 44.80 73.23 43.17 61.01

Table 7: Evaluation of different methods on LLaMA-3 8B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 6.14 73.16 80.57 44.80 77.56 53.15 65.85

BINT4 7.40 70.40 78.94 43.60 73.95 48.72 63.12
RTN 8.23 67.56 77.31 41.80 70.74 45.64 60.61

SmoothQuant 8.11 67.88 78.29 43.60 71.00 45.31 61.22
GPTQ 7.68 70.48 76.06 42.00 73.23 45.64 61.48

OmniQuant 8.16 66.06 77.20 40.60 72.85 45.65 60.47
QuaRot 9.56 67.71 75.57 41.60 69.02 42.40 59.26

QuaRot+ 7.68 68.16 75.36 42.80 72.66 48.89 61.57
SpinQuant 7.62 69.56 76.93 42.00 72.90 48.25 61.93

BRQ 7.14 71.98 78.51 42.60 75.04 49.57 63.54
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Table 8: Evaluation of different methods on LLaMA-2 13B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 4.88 72.13 80.52 45.20 77.44 49.14 64.89

BINT4 5.16 72.06 78.84 43.20 75.55 46.93 63.32
RTN 5.90 69.45 77.25 42.60 72.64 45.05 61.40

SmoothQuant 5.73 69.14 77.37 42.40 72.98 45.73 61.52
GPTQ 5.41 70.56 78.56 44.40 75.04 45.98 62.91

OmniQuant 5.43 68.43 78.29 42.00 74.58 46.16 61.89
QuaRot 7.03 65.43 76.87 40.20 71.08 41.89 59.09

QuaRot+ 5.57 67.79 78.18 40.60 74.62 46.67 61.57
SpinQuant 5.20 68.98 78.45 42.80 75.63 48.04 62.78

BRQ 5.19 70.48 79.27 43.20 75.76 47.56 63.25

Table 9: Evaluation of different methods on LLaMA-3.2 1B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 9.75 60.61 74.53 37.20 60.47 36.26 53.81

BINT4 13.56 54.78 69.26 34.80 52.74 30.20 48.36
RTN 15.91 54.30 66.10 32.80 50.37 30.88 46.89

SmoothQuant 16.86 55.72 66.27 30.60 50.55 29.27 46.48
GPTQ 13.35 56.66 69.58 32.40 52.48 31.48 48.52

OmniQuant 14.32 55.09 68.12 32.80 53.37 31.48 48.17
QuaRot 17.86 55.40 66.05 29.40 47.93 28.32 45.42

QuaRot+ 12.78 56.74 69.85 32.60 53.42 31.56 48.83
SpinQuant 12.72 55.38 70.67 33.00 53.87 32.51 49.09

BRQ 11.95 55.88 70.46 34.20 55.47 33.36 49.87

Table 10: Evaluation of different methods on LLaMA-3.2 3B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 7.81 69.37 77.52 43.40 71.63 46.07 61.60

BINT4 9.29 64.64 75.19 38.60 66.50 42.41 57.47
RTN 10.27 63.93 73.06 40.00 62.16 36.94 55.22

SmoothQuant 10.38 62.27 73.05 38.40 62.93 38.59 55.05
GPTQ 9.50 63.29 73.55 37.00 63.04 40.10 55.40

OmniQuant 9.85 61.01 75.84 38.40 63.30 40.27 55.76
QuaRot 13.36 59.43 70.23 35.60 57.40 35.32 51.60

QuaRot+ 9.92 65.43 73.18 37.80 64.65 38.48 55.91
SpinQuant 9.85 65.11 73.61 38.60 64.87 38.74 56.19

BRQ 9.41 62.59 75.35 38.60 67.42 40.44 56.88

A.5.2 MISTRAL RESULTS

The following are the detailed experimental results of the Mistral family series models in Tables 1
and 2.
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Table 11: Evaluation of different methods on Mistral 7B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 5.25 73.95 82.10 44.00 79.50 54.09 66.73

BINT4 5.63 72.06 80.41 44.80 77.57 51.54 65.28
RTN 6.56 69.06 80.73 43.00 74.66 46.84 62.86

SmoothQuant 6.49 70.64 79.71 42.00 75.08 47.35 62.96
GPTQ 6.00 69.53 79.48 43.20 75.71 48.80 63.34

OmniQuant 6.37 67.25 78.56 40.20 75.13 47.95 61.82
QuaRot 6.65 68.27 78.94 39.00 71.42 44.02 60.33

QuaRot+ 5.73 69.61 80.84 42.80 76.85 48.20 63.66
SpinQuant 5.68 71.90 79.71 42.80 76.35 48.21 63.79

BRQ 5.59 71.72 80.69 42.80 76.68 49.06 64.19

A.5.3 QWEN RESULTS

The following are the detailed experimental results of the Qwen2.5 family series models in Tables 2.

Table 12: Evaluation of different methods on Qwen2.5 1.5B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 9.87 62.98 75.41 41.20 71.13 43.43 58.83

BINT4 13.98 58.43 70.44 37.00 66.67 37.36 53.98
RTN 16.61 57.93 70.51 36.60 61.20 37.20 52.69

GPTQ 13.94 58.14 70.09 37.40 62.90 37.14 53.13
QuaRot 16.33 56.75 70.29 32.00 61.03 36.75 51.36

QuaRot+ 12.80 58.96 71.87 36.80 62.42 37.46 53.50
SpinQuant 12.64 59.91 71.22 36.60 62.58 37.52 53.57

BRQ 12.15 58.96 71.87 36.80 67.00 39.51 54.83

Table 13: Evaluation of different methods on Qwen2.5 3B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 8.03 68.90 78.67 41.80 73.27 46.93 61.91

BINT4 10.32 64.25 74.61 41.20 67.17 42.92 58.03
RTN 11.03 63.46 74.10 41.00 68.48 41.81 57.77

GPTQ 10.20 64.01 75.14 39.20 70.37 42.41 58.23
QuaRot 11.32 59.43 62.67 39.60 62.67 37.97 52.47

QuaRot+ 9.65 63.54 75.46 38.40 70.24 43.69 58.27
SpinQuant 9.58 63.77 75.14 40.00 72.43 44.11 59.09

BRQ 9.48 63.38 75.52 41.80 71.97 45.73 59.68

Table 14: Evaluation of different methods on Qwen2.5 7B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 7.81 71.35 79.43 45.40 75.72 49.74 64.33

BINT4 9.07 67.01 77.15 43.80 73.06 46.50 61.50
RTN 10.00 67.80 76.01 43.60 74.79 46.93 61.83

GPTQ 9.10 65.98 77.86 44.00 75.38 47.70 62.18
QuaRot 9.57 64.17 77.86 42.00 74.66 48.55 61.45

QuaRot+ 8.45 65.98 76.71 42.60 74.37 49.15 61.76
SpinQuant 8.41 66.69 78.13 43.60 76.14 49.74 62.86

BRQ 8.34 67.96 78.40 44.80 77.02 48.89 63.41
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A.5.4 MOE RESULTS

The following are the experimental results of the Mixtral 8×7B. This further confirms the applica-
bility of our findings to the MoE architecture model.

Table 15: Evaluation of different methods on Mixtral 8×7B across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 3.84 76.24 83.57 47.60 83.67 59.30 70.08
RTN 5.67 69.61 79.82 42.00 74.66 50.85 63.39

QuaRot 7.56 64.17 76.12 37.80 67.72 41.64 57.49
QuaRot+ 5.40 70.80 80.20 45.80 76.56 52.56 65.18

BRQ 4.71 71.74 80.74 46.20 78.79 53.16 66.13

A.5.5 PHI RESULTS

The following are the experimental results of the Phi 3 mini. This further confirms the applicability
of our findings on the Phi famliy models.

Table 16: Evaluation of different methods on Phi 3 mini across multiple benchmarks.

Method WiKi WG PIQA OBQA ARC-E ARC-C Avg.
FP16 6.02 73.72 80.63 47.80 78.70 56.57 67.28
RTN 8.62 63.38 76.28 41.40 69.74 48.72 59.90

QuaRot 46.28 49.64 57.62 28.80 42.59 28.07 41.34
QuaRot+ 7.96 67.25 74.54 42.80 71.46 48.46 60.90

BRQ 7.30 67.96 77.97 44.80 74.71 51.88 63.46

A.6 THE IMPACT OF QUANTIZATION/ROTATION BLOCK SIZE ON BRQ PERFORMANCE

Based on LLaMA-3.2 1B, we added a comparative study of BRQ under different quantiza-
tion/rotation block sizes (16/32/64). The definitions and fusion scheme for R1, R2, and R4 follow
SpinQuant.

Table 17: BRQ evaluation results across different Quant groups and rotation groups. ”QG” repre-
sents the quantization group size, and ”Rot G” represents the rotation group size.

Q G Method Rot G Wiki WG PIQA OBQA ARC-E ARC-C Avg.
- FP16 - 9.75 60.61 74.53 37.2 60.47 36.26 53.81

16

QuaRot+ -1 12.71 56.85 69.23 31.6 54.25 32.25 48.84

BRQ
16 12.28 57.88 70.80 31.8 53.83 32.83 49.43
32 17.15 55.49 68.01 30.8 49.58 30.29 46.83
64 19.46 55.41 64.47 28.6 44.36 28.60 44.29

32

QuaRot+ -1 12.78 56.74 69.85 32.6 53.42 31.56 48.83

BRQ
16 17.33 53.67 66.92 28.2 49.37 27.82 45.20
32 11.95 55.88 70.46 34.2 55.47 33.36 49.87
64 16.19 55.64 68.77 31.2 52.27 29.78 47.53

64

QuaRot+ -1 12.94 54.78 69.59 32.0 54.55 32.17 48.62

BRQ
16 18.02 54.30 65.51 31.4 48.70 29.78 45.94
32 15.35 56.20 68.17 31.6 51.52 30.20 47.54
64 11.96 56.59 70.35 33.0 56.14 33.53 49.92

The results show that, under these three settings, quantization performance is optimal only when
the rotated block size equals the quantization block size. Furthermore, it is significantly better than
QuaRot+ using global rotation.
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Additionally, it was found that when the block size is too small (block size 16), performance slightly
decreases because fewer channels are available for distributing the outlier.

A.7 ABLATION EXPERIMENTS USING A FUSION ROTATION MATRIX STRATEGY

We further analyzed the impact of the rotation matrix fusion position on quantization performance,
and the experimental results are as follows (where the definitions of R1, R2, and R4 are the same as
those of SpinQuant).

Table 18: Rotation-position ablation on LLaMA-3.2 1B.

Rot Wiki WG PIQA OBQA ARC-E ARC-C Avg.
FP16 9.75 60.61 74.53 37.20 60.47 36.26 53.81
– 13.35 56.66 69.58 32.40 52.48 31.48 48.52
R1 13.19 56.12 68.72 34.4 53.62 31.48 48.87
R2 13.25 55.64 69.53 34.6 53.20 30.80 48.75
R4 12.49 56.59 70.40 32.80 53.66 31.14 48.92
R1, R2, R4 11.95 55.88 70.46 34.20 55.47 33.36 49.87

As can be seen from the Table 18, enabling all three (R1+R2+R4) typically yields the best results;
even enabling only a subset consistently improves quantization accuracy.

A.8 COMPARISON OF GENERATION SPEEDS

In addition to the prefilling speed test, we also compared the BRQ generation speed. The specific
results are shown in the Table 19.

Table 19: Generation speed comparison across LLaMA-2 7B model.

Batch Method SeqLen 128 SeqLen 512
Latency Overhead Latency Overhead

8
MXFP4 23057.14 - 95878.76 -
QuaRot 24523.59 6.36% 101809.35 6.19%

BRQ 24053.05 4.32% 99906.44 4.20%

As shown in Table 19 and Tabel 4, BRQ can effectively reduce inference latency compared to
QuaRot, achieving an inference speed closer to that of native MXFP4, regardless of whether it
is in the generation or pre-filling stage.
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A.9 RELATIONSHIP BETWEEN ROTATION DEGRADATION AND QUANTIZATION
GRANULARITY

Table 20: Relationship between global rotation degradation and quantization granularity. The ex-
periment used the LLaMA-3.2 1B model.

Q Group Method Wiki WG PIQA OBQA ARC-E ARC-C Avg.
- FP16 9.75 60.61 74.53 37.2 60.47 36.26 53.81

-1 RTN 2408.57 51.78 51.25 27.8 27.44 23.72 36.40
RTN+Rot 50.81 52.88 56.26 27.4 36.45 24.66 39.53

1024 RTN 221.22 50.20 54.24 26.4 32.58 22.70 37.22
RTN+Rot 40.95 50.59 59.03 25.4 38.64 26.45 40.02

512 RTN 92.82 51.78 56.42 28.6 36.20 25.51 39.70
RTN+Rot 34.30 52.17 58.81 25.8 39.39 25.60 40.35

128 RTN 21.56 52.96 65.56 30.6 47.77 27.47 44.87
RTN+Rot 20.66 54.78 65.18 29.8 47.28 28.24 45.06

64 RTN 15.76 53.83 66.43 31.6 50.00 30.80 46.53
RTN+Rot 17.97 53.28 68.34 31.4 48.48 29.35 46.17

32 RTN 13.56 54.78 69.26 34.8 52.74 30.20 48.36
RTN+Rot 15.28 55.49 67.25 30.6 50.34 29.52 46.64

Our comparison of global rotation and RTN with different quantization group sizes of BINT4 using
FP16 scale reveals a more detailed picture (as shown in Table 20). When the quantization group is
large (per-channel, 1024, 512, 128), global rotation consistently improves quantization accuracy. In
contrast, when the group size becomes small (64, 32), global rotation actually degrades performance.
This is because when the quantization granularity is coarse and the group size is large, the proportion
of regular blocks is small, and their quantization error growth is masked by the loss reduction of
outlier blocks. This is also the main reason why using grouped quantization in previous INT4
quantizations did not lead to model accuracy degradation.

A.10 BRQ WITH NVFP4

We have additionally evaluated BRQ under the NVFP4 format, which is supported by the latest
NVIDIA GPUs and employs E4M3 scaling instead of E8M0. The corresponding results are provided
in Table 21.

Table 21: Performance comparison on LLaMA-3.2 models under different NVFP4 quantization
methods. BRQ consistently maintains or improves average accuracy.

Model Method Wiki WG PIQA OBQA ARC-E ARC-C Avg.

llama 3.2 1B

FP16 9.75 60.61 74.53 37.20 60.47 36.26 53.81
NVFP4 + RTN 11.74 56.91 72.03 35.60 56.86 32.85 50.85
NVFP4 + GPTQ 11.45 57.62 71.55 35.20 56.56 33.62 50.91
NVFP4 + QuaRot+ 12.26 58.64 73.29 32.00 54.84 32.85 50.32
NVFP4 + BRQ 11.30 59.51 71.22 35.20 56.94 32.68 51.11

llama 3.2 3B

FP16 7.81 69.37 77.52 43.40 71.63 46.07 61.60
NVFP4 + RTN 8.63 65.27 76.22 41.20 69.95 43.86 59.30
NVFP4 + GPTQ 8.56 65.59 76.44 41.40 70.66 43.86 59.59
NVFP4 + QuaRot+ 8.54 66.66 76.33 41.60 69.65 43.79 59.61
NVFP4 + BRQ 8.49 67.01 76.44 40.60 70.72 43.58 59.67

As shown in Table 21, although NVFP4 + RTN already yields relatively small quantization error,
BRQ still brings consistent and clear improvements when applied on top of NVFP4. This demon-
strates that our method remains effective and does not rely on any specific scaling format, and thus
is robust to future hardware evolution.
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A.11 BRQ WITH ORTHER FORMAT

To verify the applicability of BRQ to other data formats, we extended it to BINT4, BFP4, MXINT4,
MXINT6, MXFP6 and MXINT8. The experiment used LLaMA-3.2 1B, with a group size of 32 for
all bit widths, and Pot scale was used for the MX format.

As shown in the Table 22, the RTN precision of MXINT8 is almost identical to that of FP16, so
further optimization is not very meaningful. In experiments with lower bit widths (< 8 bits), the
results are consistent with those of MXFP4; global rotations degrade quantization performance, and
BRQ consistently exhibits the best quantization performance. This confirms that our findings are
applicable to different data types.

Table 22: Evaluation of different quantization formats. The experiment used the LLaMA-3.2 1B
model.

Format Method Wiki WG PIQA OBQA ARC-E ARC-C Avg.
FP16 - 9.75 60.61 74.53 37.2 60.47 36.26 53.81

MXINT8

RTN 9.76 60.38 74.48 37.4 60.31 36.26 53.77
QuaRot 9.78 60.69 74.37 37.0 60.35 36.01 53.68

QuaRot+ 9.77 60.06 74.27 37.0 60.65 36.35 53.67
BRQ 9.76 61.17 74.54 37.0 60.40 36.35 53.89

MXINT6

RTN 10.08 60.01 74.10 36.0 59.78 36.26 53.23
QuaRot 10.10 59.83 74.05 35.6 59.68 36.35 53.10

QuaRot+ 9.92 59.59 73.78 36.6 60.14 36.28 53.28
BRQ 9.89 60.14 74.21 37.8 60.27 36.52 53.79

MXINT4

RTN 19.56 53.43 65.02 29.6 44.82 28.67 44.31
QuaRot 26.19 54.46 61.48 28.6 45.92 29.86 44.06

QuaRot+ 13.99 54.22 67.46 32.8 51.22 30.63 47.27
BRQ 12.40 56.75 69.75 32.0 53.83 31.40 48.75

MXFP6

RTN 9.93 60.38 74.76 36.6 60.02 35.58 53.47
QuaRot 10.09 60.06 73.94 35.8 59.43 36.52 53.15

QuaRot+ 9.91 60.54 74.92 36.4 60.23 35.75 53.57
BRQ 9.89 61.17 74.32 37.8 60.73 37.29 54.26

BINT4

RTN 13.56 54.78 69.26 34.8 52.74 30.20 48.36
QuaRot 15.27 56.67 65.89 31.4 49.24 30.89 46.82

QuaRot+ 11.66 55.64 72.52 34.0 56.99 33.36 50.50
BRQ 11.48 56.20 72.00 36.6 57.20 33.25 51.05

BFP4

RTN 12.35 57.22 70.95 34.6 54.80 31.74 49.86
QuaRot 17.04 54.06 66.54 31.4 49.07 31.40 46.49

QuaRot+ 12.05 56.83 71.16 34.2 55.93 32.94 50.21
BRQ 11.11 56.99 71.11 35.4 56.73 34.39 50.92
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