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ABSTRACT

Quantization addresses the high resource demand for large language models
(LLMs) by alleviating memory pressure and bandwidth congestion and providing
significantly scaled compute power with a tolerable impact on accuracy. Four-bit
floating point (FP4), the lowest-precision format that preserves essential numerical
properties such as exponent and sign, has begun to be adopted in cutting-edge ar-
chitectures, including Blackwell and AMD CDNA, to support LLM quantization
and reduce deployment costs. Although aggressive quantization can yield effi-
ciency gains, the quantization sensitivity of within-transformer layers and whether
these sensitivities generalize across existing FP4 formats and model scales remain
underexplored. To elucidate quantization sensitivity, this study conducts a sys-
tematic analysis of two FP4 formats, MXFP4 and NVFP4, across three Qwen2.5
model scales (0.5B, 7B, and 14B), using controlled component-wise and block-
wise isolation methodologies. We observe that MLP up- and down-projection
layers consistently dominate in terms of sensitivity, while gate and attention pro-
jections are moderately and substantially less sensitive to FP4 quantization, re-
spectively. We further find that sensitivity does not universally localize to the
final blocks, but early blocks can be highly sensitive, particularly under MXFP4.
Our results provide a diagnostic characterization of the inference behavior of FP4
across components, depths, and FP4 formats.

1 INTRODUCTION

During the past decade, large language models (LLMs) have reshaped both the AI research paradigm
and industrial practices (Maslej et al., 2025), and empirical scaling laws (Kaplan et al., 2020) demon-
strate that scaling up the size of the model can lead to further performance improvements. How-
ever, deploying larger-scale models–trained over prolonged runs across thousands of server-class
accelerators–substantially increases the costs and energy consumption required to power LLM-based
applications. Quantization (Jacob et al., 2017; Dettmers et al., 2022b), which narrows the numerical
precision, has emerged as a promising technique to alleviate pressure on memory and bandwidth,
scale the logical computational capability (e.g., TFLOPs), and thus reduce the cost of model deploy-
ment. Compared with traditional full- or half-precision formats (e.g., 32-bit and 16-bit), modern
accelerators now support lower-precision representations, including 8-bit Dettmers et al. (2022b),
6-bit, and even 4-bit formats (NVIDIA, 2024a; AMD, 2024a), enabling the practical deployment of
aggressive quantization techniques.

In particular, FP4 quantization has seen a growing adoption, with formats such as MXFP4 (AMD,
2024a) and NVFP4 (NVIDIA, 2024a) increasingly used in both the development and deployment of
LLMs (Liu et al., 2023; NVIDIA et al., 2025; Salvator, 2025). Prior work has established that quan-
tization error in transformers is highly non-uniform across layers and components (Fan et al., 2019;
Frantar et al., 2022; Lin et al., 2024), and that rare activation outliers dominate low-bit quantization
error (Dettmers et al., 2022a; Xiao et al., 2023), motivating component-aware handling. Addition-
ally, previous studies on layer-wise importance (Xiong et al., 2020; Zhang et al., 2024; Nepal et al.,
2025; Skean et al.) often emphasize that later layers play a dominant role in shaping model outputs
and task performance. However, to our knowledge, no comprehensive component- and block-wise
sensitivity analysis exists specifically for FP4 formats, leaving open questions about which architec-
tural elements are most affected and how sensitivity varies across model scales. To address this gap,

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at SciForDL 2nd edition

we analyze the quantization sensitivity of the MXFP4 and NVFP4 formats across three Qwen2.5
model scales (0.5B, 7B, and 14B), using controlled component- and block-wise isolation method-
ologies.

This paper makes the following contributions:

• It presents an analysis indicating that up- and down-projections in the MLP layer consistently
form the most sensitive tier, and this trend remains stable across FP4 formats and model scales.

• It observes, across blocks, that the FP4 sensitivity is not necessarily confined to the final
blocks; for the 0.5B model under MXFP4, earlier blocks exhibit strong sensitivity, challenging
the common assumption that the last blocks dominate.

• It reveals that extreme activation outliers are consistent with the high sensitivity of the down
projection, but do not fully account for FP4 sensitivity, as the up projection is comparably
sensitive despite lower outlier ratios.

• It demonstrates that the model scale affects the magnitude of sensitivity but not the relative
sensitivity between components.

2 BACKGROUND AND MOTIVATION

Background: Large language models (LLMs) impose substantial memory bandwidth and com-
pute demands, making low-precision inference a central technique for efficient deployment. Quan-
tization formats such as FP16 and FP8 have demonstrated strong accuracy and efficiency trade-
offs (Micikevicius et al., 2018; 2022) and are now widely supported in production inference and
training pipelines Reddi et al. (2019). More recently, proposals have emerged for inference in
ultra-low-precision regimes, particularly with variants of FP4 that preserve sign and exponent while
further reducing storage and bandwidth demands , and accelerator vendors such as NVIDIA and
AMD have introduced both native FP4 tensor-operation support and specialized FP4 formats (e.g.,
NVFP4 (NVIDIA, 2024a) and MXFP4 (AMD, 2024a)), along with hardware-accelerated scaling
mechanisms, making FP4 inference increasingly practical rather than purely algorithmic (AMD,
2024b). As a result, FP4 has transitioned from a research concept to a deployable precision target
for large-scale LLM inference.

Motivation: Although FP4 inference is now supported by modern accelerators, it is increasingly
evident that there is no universal recipe for applying FP4 across different models, formats, and
applications, as aggressive quantization can significantly degrade inference quality. Prior work in
low-bit quantization has shown that quantization behavior is highly sensitive to activation distribu-
tions and data characteristics, motivating activation-aware and data-dependent strategies rather than
uniform precision assignments (Lin et al., 2024; Xiao et al., 2023). In parallel, different FP4 formats
employ distinct scaling mechanisms and calibration assumptions, leading to format-specific con-
siderations even for the same model architecture (Abecassis et al., 2025). Hence, FP4 sensitivity is
jointly influenced by model architecture, format preference, and data distribution, and heuristics that
are effective in one setting may fail in another. Consequently, a principled FP4 deployment requires
a detailed analysis of FP4 sensitivity within transformer layers and across blocks to avoid accuracy
degradation. This motivates a controlled component- and block-wise sensitivity analysis to diagnose
FP4 failure modes and to provide a foundation for adapting FP4 recipes to specific models, formats,
and deployment scenarios.

3 EXPERIMENTAL DESIGN

We adopt a controlled isolation methodology that quantizes individual components and blocks while
keeping all other factors fixed. Under this setting, we formulate four hypotheses:

1. Mechanism: Component sensitivity to FP4 is primarily determined by activation tail-
heaviness (e.g., Max/P99) rather than by whether the component belongs to MLP or attention.

2. Isolation/Ordering: When components are isolated and quantized one at a time, their sensi-
tivity ranking remains consistent across experiments.

3. Model Scale: Increasing model size (0.5B → 7B → 14B) mainly affects the magnitude of
sensitivity, not the relative ordering of the sensitive components.

4. Block Localization: FP4 sensitivity does not always peak in the final blocks; early-block
sensitivity can emerge, particularly under MXFP4.
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We experiment with three different scales of Qwen2.5 models: 0.5B (24 layers), 7B (28 layers), and
14B (48 layers) to assess scale generalization. Across FP4 formats, we compare MXFP4 (E2M1, 32-
element blocks, shared 8-bit exponent (Aralimatti, 2025)) and NVFP4 (dynamic scaling, 16-element
blocks, 4-bit scales, max calibration algorithm (NVIDIA, 2024a)). Experiments are conducted on
RTX 5090 (NVIDIA, 2024b) for smaller models and RTX 6000 Pro (NVIDIA, 2024c) for larger
models. Perplexity is measured on WikiText-2 (Merity et al., 2016) using 256 calibration samples.

We use on-the-fly quantization such that weights are stored in FP16 and quantized to FP4 during
inference, then dequantized back for computation. For component sensitivity, we quantize one of
all seven projection types (Query, Key, Value, Output, Gate, Up, Down) to FP4 at a time, and keep
remaining six of them in FP16 across all layers. For block sensitivity, we keep one specific block’s
component in FP16 while the remaining six component types plus other blocks of the same type are
quantized to FP4.

(a) NVFP4 0.5B PPL (b) NVFP4 0.5B Improv. (c) MXFP4 0.5B PPL (d) MXFP4 0.5B Improv.

(e) NVFP4 7B PPL (f) NVFP4 7B Improv. (g) MXFP4 7B PPL (h) MXFP4 7B Improv.

(i) NVFP4 14B PPL (j) NVFP4 14B Improv. (k) MXFP4 14B PPL (l) MXFP4 14B Improv.

Figure 1: Component sensitivity comparison across three model scales. Rows: 0.5B, 7B, 14B. Blue
= MLP, Red = Attention. MLP projections (down and up) consistently form the most sensitive tier
across all scales and formats.

4 RESULTS

Component Sensitivity. Figure 1 shows that FP4 sensitivity is highly non-uniform across trans-
former components. Across all model scales and both FP4 formats, the quantization sensitivity
is dominated by MLP projections, with up- and down-projections consistently forming the most
sensitive tier, while gate and attention projections are moderately and substantially less sensitive,
respectively. Although larger models become more sensitive to quantization—and MXFP4 shows
higher sensitivity than NVFP4, the relative tiering of components remains stable across all settings.
Tables 2, 3, and 4 in the Appendix provide detailed numerical results regarding the sensitivity for
0.5B, 7B, and 14B model scales, respectively.

Key Takeaway #1: MLP projections are highly sensitive and consistently behave the most sensitive
tier to FP4 quantization, whereas gate and attention projections are moderately and substantially less
sensitive, respectively.

Block Sensitivity. We analyze the FP4 sensitivity across transformer depth using block-wise iso-
lation and observe that the sensitivity is structured rather than uniformly concentrated in the final
blocks. While later blocks are often sensitive, particularly for MLP projections, early-block sensi-
tivity can also be substantial, most clearly in the 0.5B model and under MXFP4. At larger scale, sen-
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sitivity is more concentrated towards later blocks, although early blocks can still exhibit non-trivial
effects; notably, for 14B under MXFP4, isolating early blocks can even yield negative improvement.
Figure 2 shows the block-wise perplexity when quantizing down projection across all three model
scales.

Figure 2: Block-wise sensitivity analysis for down projection across three model scales. Y-axis uses
symlog scale. Positive values indicate PPL improvement when keeping that block in FP16.

Key Takeaway #2: FP4 sensitivity does not always peak in the final blocks and can vary across
depths depending on the model network configuration.

Activation Outlier Analysis. To understand the component sensitivity ordering, we analyze ac-
tivation statistics as reported in Table 1. Down projection exhibits extreme outlier behavior with
Max/P99.9 ratios 10-100× larger than other components, consistent with its high FP4 sensitivity.
However, up projection shows comparable sensitivity despite much lower outlier ratios, indicating
that outliers alone do not fully explain the FP4 sensitivity.

Qwen2.5-0.5B Qwen2.5-7B Qwen2.5-14B

Component P99.9 Max Ratio P99.9 Max Ratio P99.9 Max Ratio

down proj 2.8 253 159 4.3 310 80 4.2 300 334
up proj 11.2 58 5.5 9.9 49 5.5 5.1 42 10
gate proj 11.2 58 5.5 9.9 49 5.5 5.1 46 11
v proj 13.0 36 2.9 7.0 30 4.4 4.8 23 4.8
o proj 2.4 6 2.6 2.4 9 3.4 1.8 6 3.6
k proj 13.0 36 2.9 7.0 29 4.3 4.8 24 4.9
q proj 13.0 36 2.9 7.0 29 4.4 4.8 22 4.7

Table 1: Activation statistics by component across all model scales. All values are averaged across
layers. The Max/P99.9 ratio is computed as the mean of per-layer ratios (not the ratio of averaged
Max to averaged P99.9), which better captures outlier severity across depth. Down projection, as
highlighted, consistently shows substantially worse ratios than other components.

Key Takeaway #3: Extreme activation outliers in down projection, which receives post-activation
values (e.g., after SiLU/SwiGLU gating (Shazeer, 2020)), are consistent with its high sensitivity,
but up projection exhibits comparable sensitivity despite much lower outlier ratios, suggesting that
extreme outliers alone do not fully account for FP4 sensitivity.

5 CONCLUSION AND DISCUSSION

We presented a controlled component-wise and block-wise analysis of FP4 quantization in trans-
former models across multiple formats and scales. Our results show that FP4 sensitivity is domi-
nated by MLP projections with a stable tiering across formats and model sizes, while model scale
primarily affects sensitivity magnitude. At the block level, sensitivity is structured across depth and
not exclusively concentrated in the final blocks, with early-block effects emerging in some configu-
rations. Together, these findings provide a diagnostic view of FP4 inference behavior and motivate
component- and depth-aware approaches to low-precision deployment. Looking ahead, this analy-
sis can be extended to additional model families and larger scales, as well as to settings that employ
native FP4 computation kernels. Future work should also evaluate FP4 sensitivity on diverse down-
stream tasks beyond perplexity on WikiText, such as reasoning, coding, and instruction following
benchmarks, to better understand how component level quantization effects translate to task specific
performance degradation.
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Prior work on efficient large language model deployment has primarily focused on higher-precision
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Touvron et al. (2023); Grattafiori et al. (2024). More recent work explores FP8 training and infer-
ence, showing that carefully designed scaling, normalization, and GEMM kernels can enable stable
low-precision execution at scale Peng et al. (2023); Hernández-Cano et al. (2025). These approaches
largely treat quantization as a uniform transformation across model components and layers, without
examining how sensitivity varies within the transformer architecture.

Recent studies have pushed further toward ultra-low-precision FP4 formats to maximize efficiency.
Prior work proposes microscaling and mixed-precision techniques for FP4 inference and training,
including NVFP4 and MXFP4-based approaches, residual channels, and hybrid precision strategies
Egiazarian et al. (2025); Tseng et al. (2025); Abecassis et al. (2025); Zhao et al. (2024); Meng et al.
(2026); Liu et al. (2025). More recently, SageAttention3 investigates microscaling FP4 specifically
for attention inference and explores interactions with 8-bit training Zhang et al. (2025), highlighting
that different architectural components may exhibit distinct FP4 sensitivity. In contrast to these
method-driven efforts, our work provides a diagnostic component-wise and block-wise analysis
of FP4 sensitivity, characterizing how quantization effects distribute across components and depth
rather than proposing a new quantization scheme.

B COMPONENT SENSITIVITY TABLES

Table 2: Component sensitivity under NVFP4 and MXFP4 for Qwen2.5-0.5B. PPL improvement
measures sensitivity (higher = keeping that component in FP16 helps more).

NVFP4 MXFP4

Component PPL Improvement PPL Improvement

Baseline 21.63 — 36.71 —

up proj 20.40 +1.23 28.46 +8.25
down proj 20.47 +1.16 28.79 +7.92
gate proj 20.73 +0.90 31.24 +5.47
v proj 20.99 +0.64 31.45 +5.26
o proj 21.04 +0.59 31.77 +4.94
k proj 21.29 +0.34 33.46 +3.25
q proj 21.37 +0.26 34.73 +1.98

Table 3: Component sensitivity under NVFP4 and MXFP4 for Qwen2.5-7B.

NVFP4 MXFP4

Component PPL Improvement PPL Improvement

Baseline 6.47 — 7.31 —

down proj 6.36 +0.11 6.81 +0.50
up proj 6.37 +0.10 6.99 +0.31
gate proj 6.39 +0.08 7.08 +0.23
o proj 6.43 +0.04 7.18 +0.13
v proj 6.44 +0.03 7.15 +0.15
k proj 6.45 +0.02 7.21 +0.10
q proj 6.45 +0.02 7.23 +0.07
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Table 4: Component sensitivity under NVFP4 and MXFP4 for Qwen2.5-14B.

NVFP4 MXFP4

Component PPL Improvement PPL Improvement

Baseline 5.26 — 6.02 —

down proj 5.10 +0.16 5.63 +0.39
up proj 5.12 +0.14 5.77 +0.24
gate proj 5.14 +0.12 5.82 +0.20
o proj 5.21 +0.05 5.89 +0.13
v proj 5.23 +0.03 5.95 +0.07
k proj 5.24 +0.02 5.92 +0.10
q proj 5.24 +0.02 5.94 +0.08

C BLOCK SENSITIVITY ANALYSIS (QWEN2.5-0.5B)

This section presents detailed block sensitivity analysis for the Qwen2.5-0.5B model (24 blocks).
Each component shows two figures: (1) raw perplexity values, and (2) percentage change from base-
line. Negative percentages indicate improvement (lower PPL), with 0% representing the baseline.

Figure 3: Block sensitivity heatmaps showing PPL improvement when each block’s component
is kept in FP16. Left: MXFP4 (scale 0–2.0). Right: NVFP4 (scale 0–0.28). Note the 7× scale
difference and different spatial patterns.

C.1 MLP COMPONENTS

Figure 4: Block sensitivity for up proj. MXFP4 shows strong early-block sensitivity (blocks 0, 8,
23), while NVFP4 peaks at block 23.
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Figure 5: Percentage change from baseline for up proj. Block 23 shows −3.3% (MXFP4) and
−1.3% (NVFP4) improvement.

Figure 6: Block sensitivity for down proj (0.5B only). Both formats show block 23 as highly
sensitive, but MXFP4 also shows strong sensitivity in blocks 0–3.

Figure 7: Percentage change from baseline for down proj. Block 23 shows −3.3% (MXFP4) and
−1.3% (NVFP4) improvement.

Figure 8: Block sensitivity for gate proj. MXFP4 exhibits pronounced early-block dominance
(blocks 0–2), while NVFP4 shows late-block sensitivity peaking at block 23.
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Figure 9: Percentage change from baseline for gate proj.

C.2 ATTENTION COMPONENTS

Figure 10: Block sensitivity for o proj. MXFP4 shows extreme sensitivity in block 1 (+2.14 PPL
improvement), a unique pattern not seen in other components.

Figure 11: Percentage change from baseline for o proj. Block 1 shows −5.8% improvement for
MXFP4.

Figure 12: Block sensitivity for v proj. MXFP4 shows early-block dominance, while NVFP4
exhibits relatively flat sensitivity with a slight peak at block 8.
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Figure 13: Percentage change from baseline for v proj.

Figure 14: Block sensitivity for k proj. Both formats show relatively low and uniform sensitivity,
consistent with k proj being the second-least sensitive component.

Figure 15: Percentage change from baseline for k proj.

Figure 16: Block sensitivity for q proj. The least sensitive component overall, showing minimal
variation across blocks for both formats.
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Figure 17: Percentage change from baseline for q proj.

D BLOCK SENSITIVITY ANALYSIS (QWEN2.5-7B)

This section presents detailed block sensitivity analysis for the Qwen2.5-7B model (28 blocks). Each
component shows two figures: (1) raw perplexity values, and (2) percentage change from baseline.
Negative percentages indicate improvement (lower PPL), with 0% representing the baseline.

Figure 18: Block sensitivity heatmaps for Qwen2.5-7B showing PPL improvement when each
block’s component is kept in FP16. Left: MXFP4. Right: NVFP4. Block 27 shows strong sen-
sitivity for MLP components in both formats.

D.1 MLP COMPONENTS

Figure 19: Block sensitivity for down proj (7B). Both formats show block 27 as highly sensitive.
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Figure 20: Percentage change from baseline for down proj (7B). Block 27 shows −3.0%
(MXFP4) and −0.47% (NVFP4) improvement.

Figure 21: Block sensitivity for up proj (7B). Block 27 is most sensitive for both formats.

Figure 22: Percentage change from baseline for up proj (7B). Block 27 shows −1.2% (MXFP4)
and −0.37% (NVFP4) improvement.

Figure 23: Block sensitivity for gate proj (7B). Block 27 shows highest sensitivity.
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Figure 24: Percentage change from baseline for gate proj (7B). Block 27 shows −0.76%
(MXFP4) and −0.19% (NVFP4) improvement.

D.2 ATTENTION COMPONENTS

Figure 25: Block sensitivity for o proj (7B). MXFP4 shows early-block sensitivity, while NVFP4
shows relatively flat sensitivity.

Figure 26: Percentage change from baseline for o proj (7B). MXFP4 shows ∼0.3% variation,
while NVFP4 shows <0.05%.

Figure 27: Block sensitivity for v proj (7B). MXFP4 shows block 27 as most sensitive, while
NVFP4 exhibits relatively flat sensitivity.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at SciForDL 2nd edition

Figure 28: Percentage change from baseline for v proj (7B).

Figure 29: Block sensitivity for k proj (7B). Both formats show relatively low and uniform sensi-
tivity across blocks.

Figure 30: Percentage change from baseline for k proj (7B).

Figure 31: Block sensitivity for q proj (7B). MXFP4 shows block 1 as most sensitive, while
NVFP4 shows minimal variation across blocks.
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Figure 32: Percentage change from baseline for q proj (7B).
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