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Abstract001

Microscaling Floating-Point (MXFP) has002
emerged as a promising low-precision format003
for large language models (LLMs). Despite004
various post-training quantization (PTQ) algo-005
rithms being proposed, they mostly focus on in-006
teger quantization, while their applicability and007
behavior under MXFP formats remain largely008
unexplored. To address this gap, this work009
conducts a systematic investigation of PTQ un-010
der MXFP formats, encompassing over 7 PTQ011
algorithms, 15 evaluation benchmarks, and 3012
LLM families. The key findings include: 1)013
MXFP8 consistently achieves near-lossless per-014
formance, while MXFP4 introduces substantial015
accuracy degradation and remains challenging;016
2) PTQ effectiveness under MXFP depends017
strongly on format compatibility, with some018
algorithmic paradigms being consistently more019
effective than others; 3) PTQ performance ex-020
hibits highly consistent trends across model021
families and modalities, in particular, quantiza-022
tion sensitivity is dominated by the language023
model rather than the vision encoder in multi-024
modal LLMs; 4) The scaling factor of quantiza-025
tion is a critical error source in MXFP4, and a026
simple pre-scale optimization strategy can sig-027
nificantly mitigate its impact. Together, these028
results provide practical guidance on adapting029
existing PTQ methods to MXFP quantization.030

1 Introduction031

The ever-growing scale of large language models032

(LLMs) poses a significant deployment challenge033

due to prohibitive demands for memory and compu-034

tational resources (Yuan et al., 2024; Dantas et al.,035

2025). Quantization has therefore emerged as an036

indispensable technique to mitigate these issues037

by reducing the numerical precision of weights or038

activations (Nagel et al., 2021; Kurtic et al., 2025;039

Huang et al., 2024; Guo et al., 2025; Tang et al.,040

2025). Among various low-precision representa-041

tions, Microscaling Floating-Point (MXFP) for-042

mats have attracted increasing attention (Shao et al.,043

Figure 1: The overview of our empirical evaluations.

2025). As a block-level number format, MXFP bet- 044

ter preserves the dynamic range of full-precision 045

models while benefiting from growing hardware 046

support (Advanced Micro Devices, Inc., 2025; Cho- 047

quette, 2023; Tirumala and Wong, 2024). 048

In this context, post-training quantization (PTQ) 049

provides a practical and training-free route to com- 050

press pre-trained models, and a rich line of PTQ 051

techniques has been developed to alleviate the accu- 052

racy drop under low precision. However, existing 053

PTQ research and design choices have been pre- 054

dominantly tailored to integer (INT) formats (Fran- 055

tar et al., 2022; Shao et al., 2023; Ma et al., 2024; 056

Lin et al., 2024a; Dettmers et al., 2022; Li et al., 057

2024; Wang et al., 2023). This leaves the effective- 058

ness and potentially the distinct failure modes of 059

PTQ on MXFP formats largely underexplored. 060

In this paper, we provide a comprehensive em- 061

pirical study of various PTQ methods for MXFP 062

formats, including MXFP8 and MXFP4, as out- 063

lined in Figure 1. We systematically categorize 064

existing PTQ methods into four classes: (i) channel- 065

wise transformation, (ii) error compensation, (iii) 066

rotational transformation, and (iv) affine transfor- 067

mation. Our evaluations cover weight-only, weight- 068

activation, and KV cache quantization across mul- 069

tiple bit-width configurations, and span both rea- 070

soning and non-reasoning benchmarks. The stud- 071

ied models encompass two different LLM fami- 072

lies (i.e., Llama3.1-8b-Instruct (Grattafiori et al., 073

2024) and openPangu-Embedded-7B-v1.1 (Chen 074

et al., 2025a)) and multimodal LLMs (MLLM) 075
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(i.e., Qwen2.5-VL-7B (Wang et al., 2024) and076

openPangu-VL-7B (openPangu Team, 2025b)).077

Based on extensive experiments, we distill several078

key findings, summarized as follows:079

1. Lossless Quantization (§3.2): 8-bit weight-080

activation MXFP quantization is lossless081

across tasks and modalities. In contrast, 4-bit082

weight or activation quantization under MXFP083

results in non-negligible accuracy degradation084

and remains an open challenge.085

2. Quantization Algorithms (§3.3): Error com-086

pensation and affine transformation methods087

are more compatible with MXFP quantization,088

particularly at low bit-widths, and their combi-089

nation yields stronger performance. Notably,090

RTN remains a competitive baseline, indicat-091

ing that MXFP demands quantization methods092

tailored to its specific scheme.093

3. Impact of Model Family and Modalities094

(§3.4): PTQ under MXFP exhibits consistent095

effectiveness across different model families096

and modalities. For MLLMs, quantization097

sensitivity is dominated by the LLM compo-098

nent rather than the vision encoder, favoring099

mixed-precision designs that preserve higher100

precision in the LLM. Visual tokens are com-101

paratively robust under MXFP, with reduced102

bit-width incurring negligible accuracy loss.103

4. Quantization Components (§3.5): The quan-104

tization error introduced by the scaling factors105

is noticeable. Pre-scale operation, a practically106

effective optimization strategy for MXFP4, is107

recommended.108

Our empirical study and findings show that109

MXFP is not merely a drop-in replacement for110

existing low-precision formats, but also a distinct111

numerical regime that calls for format-aware quan-112

tization design. We hope this work serves as a ref-113

erence point for future research on MXFP-centric114

PTQ methods, and encourages the community to115

move beyond integer-oriented assumptions when116

developing low-precision algorithms for large-scale117

foundation models.118

2 Preliminary119

2.1 Low-Bit Integer (INT) and Floating-Point120

(FP) Quantization121

Quantization maps a tensor W in high-precision122

source-format to a lower bit-width, such as low-bit123

INT and FP formats. For integer quantization, we 124

define: 125

Wq := clip (⌊W/s⌉ , Qmin, Qmax) · s, (1) 126

where clip(⌊W/s⌉, Qmin, Qmax) truncates the as- 127

sociated values inside the minimal Qmin and maxi- 128

mal Qmax, and s is the scaling factor that normal- 129

izes W to the target integer range. More complex 130

than integers, floating-point numbers are encoded 131

using three components (Markstein, 2008): a sign 132

bit (S), an exponent (E), and a mantissa (M ). We 133

denote a format as EaMb, where a and b are the 134

exponent and mantissa bit numbers. Floating-point 135

quantization is defined as: 136

Wq := nearest (⌊W/s⌉ ,CFP) · s, (2) 137

where CFP is the set of representable low-bit 138

floating-point values related to S, E, and M (Chen 139

et al., 2025b), and nearest(·,CFP) maps normal- 140

ized values to the nearest element of CFP. 141

2.2 Microscaling Floating Point (MXFP) 142

Quantization 143

The MXFP, proposed by OCP (Rouhani et al., 144

2023), is a family of quantized floating-point for- 145

mats that utilize block quantization. An MX-format 146

is specified by the block size 32 and uses a shared 147

UE8M0 data-type for each block. The MXFP8 148

format has E4M3 and E5M2 variants, and MXFP4 149

is E2M1. Here, we adopt E4M3 for MXFP8, as a 150

larger mantissa width is more crucial for the perfor- 151

mance of fine-grained quantization (Mishra et al., 152

2025; Chen et al., 2025c). 153

2.3 Post-training Quantization Methods 154

We consider quantization under PTQ. Here, we 155

divide PTQ methods into four categories: channel- 156

wise transformation, error compensation, rotational 157

transformation, and affine transformation. For each 158

category, we evaluate representative algorithms that 159

embody its core principle. 160

Channel-Wise Transformation. Generally, this 161

kind of method aims to reduce quantization error 162

by adaptively adjusting the numerical ranges of ac- 163

tivation and weights along individual channels. We 164

here evaluate two prominent methods, which are 165

SmoothQuant (Xiao et al., 2023) and AWQ (Lin 166

et al., 2024b). SmoothQuant proposes per-channel 167

scaling to migrate quantization difficulty from ac- 168

tivations to weights. AWQ is developed to enable 169

efficient quantization of LLMs while preserving 170

the precision of the most critical weights. 171
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Error Compensation. These methods aim to172

mitigate quantization-induced discrepancies by ex-173

plicitly modeling and compensating for the quanti-174

zation error. In this work, we consider GPTQ (Fran-175

tar et al., 2022) and MR-GPTQ (Egiazarian et al.,176

2025). GPTQ performs layer-wise quantization177

and leverages inverse-Hessian information to up-178

date weights, thereby reducing accuracy degrada-179

tion. MR-GPTQ extends GPTQ to better match the180

characteristics of FP4 quantization by incorporat-181

ing block-wise Hadamard transforms and format-182

specific optimizations.183

Rotational Transformation. This class of meth-184

ods utilizes pre-quantized orthogonal transforma-185

tions to the weight and activations. These trans-186

formations can reconstruct the data distribution to187

mitigate the impact of extreme outliers on activa-188

tions. We assess QuaRot (Ashkboos et al., 2024),189

which uses random orthogonal rotations, and Spin-190

Quant (Liu et al., 2024c), which employs learnable191

rotations optimized during calibration.192

Affine Transformation. These methods improve193

low-bit model compression by applying learnable,194

rescaling transformations to weights and activa-195

tions before quantization, explicitly redistributing196

numerical magnitudes across dimensions. We in-197

clude FlatQuant (Sun et al., 2024). To achieve198

flatter distributions of weights and activations,199

FlatQuant identifies layer-wise optimal affine trans-200

formations by employing a lightweight, block-wise201

training strategy over the calibration stage.202

3 Evaluations203

3.1 Setup204

Quantization Settings. We study several MXFP-205

based quantization configurations. (1) Weight-Only206

Quantization. Only the weight tensors of linear207

layers are quantized using MXFP formats, while208

activations remain in full precision. (2) Weight-209

Activation Quantization. Weights and input ac-210

tivation tensors are quantized using MXFP, en-211

abling fully quantized matmul operations. (3) KV212

Cache Quantization. The key and value tensors213

in attention blocks are quantized to reduce the214

memory footprint during inference. For clarity,215

we denote each configuration using the format216

W{bits}A{bits}[KV{bits}]. For example, W4A8217

indicates quantizing weights to 4-bit and activa-218

tions to 8-bit.219

Evaluation Benchmarks. We assess quantized 220

models on the following benchmarks. (1) Lan- 221

guage modeling quality via perplexity (PPL) on 222

WikiText2 (Merity et al., 2016). (2) Non-reasoning 223

tasks (zero-shot), including PIQA (Bisk et al., 224

2020), Winogrande (Sakaguchi et al., 2021), Hel- 225

laswag (Zellers et al., 2019), ARC-Easy (Clark 226

et al., 2018), and ARC-Challenge (Clark et al., 227

2018). (3) Reasoning benchmarks, such as 228

MATH-500 (Lightman et al., 2023), AIME24 229

and AIME25. (4) Multimodal benchmarks, in- 230

cluding OCRBench (Liu et al., 2024b), MM- 231

Bench (Liu et al., 2024a), MMBenchCN (Zhang 232

et al., 2025), TextVQA (Singh et al., 2019), 233

ChartQA (Masry et al., 2022), MME (Fu et al., 234

2025), and MMMU (Yue et al., 2024). To simulate 235

the quantization with MXFP format, we use the 236

microxcaling library1 for all experiments. Details 237

of the evaluation are provided in Appendix A.1. 238

Evaluation Models. We evaluate two 239

popular LLMs, including Llama-3.1-8B- 240

Instruct (Grattafiori et al., 2024) and openPangu- 241

Embedded-7B-V1.1 (Chen et al., 2025a). 242

Llama-3.1-8B-Instruct is an instruction-tuned 243

LLM based on the Llama-3 architecture, offering 244

strong multilingual and reasoning capabilities. 245

openPangu-Embedded-7B-V1.1 is an efficient 246

reasoning-focused LLM featuring a dual-system 247

(fast/slow) inference capability. To further inves- 248

tigate the performance of MXFP quantization on 249

the MLLM, we additionally evaluate the Qwen2.5- 250

VL-7B (Wang et al., 2024) and openPangu-VL-7B 251

models (openPangu Team, 2025b). 252

We explore the following questions in the subse- 253

quent sections. 254

RQ1 (§3.2): What is the impact of different
MXFP formats on model accuracy?

RQ2 (§3.3): How do various post-training
quantization methods perform with
MXFP?

RQ3 (§3.4): How do different model fami-
lies and modalities affect quantization?

RQ4 (§3.5): How do quantization design
choices impact MXFP4 performance?

255

1https://github.com/microsoft/microxcaling

3



58 60 65 70 75 80
Average Accuracy

BF16

W8A8

W4A8

W4A4

Methods
BF16
RTN

SpinQuant*
FlatQuant*

SmoothQuant*
GPTQ

Methods
BF16
RTN

SpinQuant*
FlatQuant*

SmoothQuant*
GPTQ

Performance Regions
lossless
fair

risky

Figure 2: Average accuracy of Reasoning tasks on
openPangu-Embedded-7B-V1.1.

3.2 Performance on Different MXFP256

Quantization Settings (RQ1)257

Following prior work (Liu et al., 2025), we cat-258

egorize post-quantization performance degrada-259

tion into three regimes based on average accu-260

racy recovery rate relative to BF16: lossless261

(≤1%), fair (1%–3%), and risky (≥3%). The262

overall results achieved by Llama-3.1-8B-Instruct,263

openPangu-Embedded-7B-V1.1, and Qwen2.5-VL-264

7B are summarized in Tables 1, 2, and 3. We also265

provide the results of reasoning tasks in Figure 2266

(details in Appendix A.2.1). Note that the results267

across W8A8, W4A8, and W4A4 settings reveal268

a clear spectrum of quantization difficulty, which269

is largely dictated by the bit width of weights and270

activations. Below, we discuss these results.271

W8A8 is generally safe for deployment. Ac-272

cording to Tables 1, 2, and 3, the majority of PTQ273

methods consistently achieve lossless performance274

regardless of their internal design. This suggests275

that 8-bit quantization of both weights and acti-276

vations is largely benign for modern LLMs and277

MLLMs, and can be safely deployed without ex-278

tensive calibration or architectural adaptation.279

W4A8 should be approached with caution. We280

find that the transition to W4A8 with RTN incurs281

noticeable accuracy degradation, marking a crit-282

ical inflection point. However, with PTQ algo-283

rithms, performance loss can be mitigated. As284

seen in Table 2, the accuracy recovery rate is im-285

proved from 95.44% to 98.60% after optimization286

on openPangu-Embedded-7B-V1.1 and achieves287

near-lossless on Llama-3.1-8B-Instruct. On reason-288

ing tasks, the accuracy improves significantly, but289

still falls into the risky region. These results indi-290

cate that while 4-bit weights challenge the model’s291

representational capacity, algorithmic refinements292

can enable W4A8 to be more viable, especially for293

non-reasoning tasks. 294

W4A4 is highly risky. The most challenging 295

setting is W4A4, where weights and activations 296

are aggressively quantized. Performance degra- 297

dation becomes more severe and widespread: ac- 298

curacy recovery rate falls to 87.25%–96.79%, 299

86.37%–95.28%, and 92.72%–97.36% for Llama- 300

3.1-8B-Instruct, openPangu-Embedded-7B-V1.1, 301

and Qwen2.5-VL-7B, respectively, entering the 302

risky regime for nearly all methods. Interestingly, 303

the performance gap across different PTQ meth- 304

ods is markedly amplified under this extreme com- 305

pression. This suggests that when quantization 306

noise exceeds a critical threshold, differences in 307

how methods handle outlier distributions, dynamic 308

range alignment, or activation sensitivity become 309

decisive. 310

Takeaways 1

W8A8 is consistently lossless across models and
benchmarks, and is robust to the choice of PTQ
methods. Bridging the performance gap for 4-bit
weight or activation quantization (cf., W4A8 and
W4A4) under MXFP remains an open challenge.

311

3.3 Comparison of PTQ Methods (RQ2) 312

We evaluate diverse PTQ methods under MXFP 313

(see the method descriptions in Section 2.3). The 314

main paper covers bit-width configurations of 315

W8A8, W4A8, and W4A4, as shown in Tables 1, 316

2, and 3. Results on openPangu-VL-7B and more 317

bit-width configurations (including W4A16 and 318

W4A8KV8) can be found in Appendix A.2.2 and 319

A.2.3, respectively. Below, we summarize these 320

results. 321

Error compensation methods outperform 322

channel-wise transformations in most scenarios. 323

We observe that error compensation methods (e.g., 324

GPTQ and MR-GPTQ) consistently outperform 325

channel-wise transformation methods (e.g., 326

SmoothQuant and AWQ), except in the case of 327

Llama-3.1-8B-Instruct under W4A4. For example, 328

based on Table 2, under W4A8, error compensa- 329

tion methods recover 97.03%–97.36% of BF16 330

performance, outperforming channel-wise transfor- 331

mations (96.25%–96.33%). This performance gap 332

may stem from the following: channel-wise scaling 333

operates at a coarser granularity and cannot fully 334

capture intra-group magnitude variations under 335

MXFP’s group-wise quantization. Although error 336

compensation methods like GPTQ also operate 337
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Bits Method ACC (0-shot) ↑ PPL ↓

ARC-C ARC-E HellaSwag PIQA Winogrande Avg. Recovery (%) WikiText

BF16 – 55.20 79.63 79.15 81.07 73.95 73.80 100.00 7.21

W8A8

RTN 53.50 78.45 79.11 80.14 73.64 72.97 98.87 7.31
QuaRot 55.72 80.09 78.76 80.58 73.64 73.76 99.94 7.39
QuaRot∗ 56.4 80.81 78.84 81.01 74.35 74.28 100.65 7.40
SpinQuant 55.89 80.18 78.60 80.79 74.51 73.99 100.26 7.39
SpinQuant∗ 54.35 80.09 78.12 80.2 73.8 73.31 99.34 7.41
FlatQuant 55.80 79.46 78.99 81.12 73.80 73.83 100.05 7.27
FlatQuant∗ 54.69 79.42 78.56 80.63 74.19 73.50 99.59 7.33
AWQ 54.27 79.17 78.48 80.74 73.80 73.29 99.31 7.34
SmoothQuant 55.38 79.08 79.14 81.23 74.51 73.87 100.09 7.34
SmoothQuant∗ 55.03 79.63 78.73 81.39 73.88 73.73 99.91 7.34
MR-GPTQ 55.38 79.12 78.99 81.01 73.95 73.69 99.85 7.24
GPTQ 54.69 79.12 78.47 80.79 74.35 73.48 99.57 7.33

W4A8

RTN 53.07 76.81 77.04 80.03 73.48 72.09 97.68 7.71
QuaRot 49.15 75.93 76.37 78.29 71.03 70.15 95.06 8.45
QuaRot∗ 52.65 79.67 77.86 80.52 73.40 72.82 98.67 7.95
SpinQuant 49.91 75.59 76.10 78.07 71.90 70.31 95.28 8.50
SpinQuant∗ 52.82 78.37 76.96 79.6 73.32 72.21 97.85 7.84
FlatQuant 53.84 80.26 77.27 80.03 71.82 72.64 98.43 7.87
FlatQuant∗ 53.84 80.26 77.27 80.03 71.82 72.64 97.95 7.81
AWQ 53.84 79.25 77.55 79.98 73.88 72.90 98.78 7.75
SmoothQuant 54.01 77.61 77.77 79.98 74.98 72.87 98.74 7.75
SmoothQuant∗ 52.96 77.02 77.42 78.63 70.64 71.33 96.67 8.70
MR-GPTQ 54.52 78.62 77.28 80.47 73.80 72.94 98.83 7.83
GPTQ 53.5 79.59 79.71 81.18 73.6 73.52 99.62 7.87

W4A4

RTN 49.66 75.80 75.48 79.05 70.48 70.09 94.98 8.27
QuaRot 44.11 71.63 71.82 75.14 64.88 65.52 88.78 10.34
QuaRot∗ 49.15 74.62 74.26 77.48 68.98 68.90 93.36 9.12
SpinQuant 43.09 67.26 70.71 74.92 65.98 64.39 87.25 10.40
SpinQuant∗ 49.15 74.54 74.38 76.99 69.53 68.92 93.38 9.01
FlatQuant 52.05 77.27 76.89 79.49 70.64 71.27 96.57 8.03
FlatQuant∗ 51.19 78.58 76.77 78.94 71.67 71.43 96.79 8.06
AWQ 52.30 77.95 76.13 78.92 69.46 70.95 96.14 8.25
SmoothQuant 51.37 76.52 76.12 79.00 72.38 71.08 96.31 8.25
SmoothQuant∗ 50.51 73.36 75.27 76.82 67.17 68.63 92.98 8.50
MR-GPTQ 50.85 75.46 76.02 79.82 70.80 70.59 95.65 8.34
GPTQ 50.68 77.65 75.66 78.18 70.24 70.48 95.50 8.37

Table 1: Comparison of PTQ methods on Llama-3.1-8B-Instruct under W8A8, W4A8, and W4A4 in terms of
non-reasoning downstream task accuracy and perplexity. * denotes the variant integrated with the GPTQ algorithm.

primarily at the channel level, they explicitly338

minimize quantization error during calibration,339

thereby providing a stronger guarantee.340

Rotational transformation impairs MXFP4341

quantization. Unlike remarkable success in342

INT4 formats, Rotation-based methods (e.g.,343

QuaRot, SpinQuant) consistently degrade MXFP4344

quantization accuracy, performing worse than the345

RTN baseline. Specifically, Table 1 shows that346

RTN achieves a lower perplexity (8.27) compared347

to QuaRot (10.34) and SpinQuant (10.40) under348

W4A4. On non-reasoning benchmarks, QuaRot349

and SpinQuant exhibit relative recovery rate degra-350

dations of 6.20% and 7.73% compared to RTN,351

respectively. The harm likely stems from the fact352

that MXFP4 uses group-wise scaling and relies on353

local statistical properties (e.g., distribution shape354

within each group) to preserve information dur-355

ing quantization. Global rotations mix information356

across all dimensions, flattening outlier structures357

and reducing kurtosis, which makes the distribution358

less amenable to effective group-wise scaling.359

Affine transformation is most robust under 4-bit 360

quantization. Across all LLMs, affine transfor- 361

mation (i.e., FlatQuant) exhibits the most robust 362

performance under W4A4. For example, on Llama- 363

3.1-8B-Instruct (see Table 1), FlatQuant attains an 364

accuracy recovery rate of 96.57%, clearly surpass- 365

ing RTN (94.98%), SpinQuant (87.25%), and even 366

the strong error compensation method MR-GPTQ 367

(95.65%), while also achieving the lowest WikiText 368

perplexity (8.03). The difference likely arises from 369

the fact that, whereas orthogonal rotations preserve 370

the L2 norm, FlatQuant employs learnable affine 371

transformations that do not conserve total energy. 372

Although the global affine transforms of FlatQuant 373

may still propagate energy across groups, their abil- 374

ity to modulate absolute magnitudes makes them 375

better suited for low-bit MXFP quantization. To 376

better understand how these methods reshape acti- 377

vation distributions, we visualize activation distri- 378

butions under W4A4 in Figure 5. As illustrated in 379

the figure, different quantization strategies induce 380

markedly distinct activation distributions. Rotation- 381

based approaches still preserve a relatively large 382
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Bits Method ACC (0-shot) ↑ PPL ↓

ARC-C ARC-E HellaSwag PIQA Winogrande Avg. Recovery.(%) WikiText

BF16 – 42.75 67.26 62.86 73.50 60.62 61.40 100.00 34.89

W8A8

RTN 44.03 66.25 61.74 73.61 57.77 60.68 98.83 35.75
QuaRot 42.24 65.95 62.45 72.42 60.69 60.75 98.94 35.21
QuaRot∗ 42.83 68.22 62.18 73.78 60.96 61.59 100.32 35.75
SpinQuant 42.49 67.34 62.42 72.31 60.30 60.97 99.31 35.49
SpinQuant∗ 42.58 68.43 62.52 73.94 59.59 61.41 100.02 33.04
FlatQuant 43.43 68.64 62.25 73.78 59.04 61.43 100.05 30.96
FlatQuant∗ 43.86 69.23 62.33 74.05 61.33 62.16 101.24 30.87
AWQ 41.98 68.48 61.16 72.58 61.09 61.06 99.45 38.00
SmoothQuant 42.58 66.50 62.08 72.69 59.19 60.61 98.71 35.25
SmoothQuant∗ 42.15 66.67 61.84 72.36 59.59 60.52 98.57 35.00
MR-GPTQ 43.09 67.80 62.84 73.72 59.91 61.47 100.12 34.57
GPTQ 42.92 67.13 61.66 72.69 57.85 60.45 98.46 34.75

W4A8

RTN 39.59 65.24 58.70 71.60 57.85 58.60 95.44 42.17
QuaRot 40.10 64.10 57.95 72.69 57.70 58.51 95.29 40.87
QuaRot∗ 40.02 65.07 58.54 71.44 57.62 58.54 95.84 43.83
SpinQuant 39.59 61.57 58.56 72.09 58.17 58.00 94.46 38.94
SpinQuant∗ 42.41 67.85 60.74 72.91 58.8 60.54 98.60 34.75
FlatQuant 40.78 66.54 60.15 72.52 58.17 59.63 97.12 37.67
FlatQuant∗ 42.15 67.63 60.54 72.80 57.38 60.10 97.89 37.72
AWQ 39.85 66.25 58.13 73.07 58.17 59.09 96.25 41.75
SmoothQuant 40.78 66.20 58.82 72.47 57.46 59.15 96.33 43.25
SmoothQuant∗ 41.64 67.47 59.88 73.07 58.88 60.19 98.03 40.00
MR-GPTQ 40.87 66.84 60.64 72.63 57.93 59.78 97.36 39.19
GPTQ 40.96 65.51 59.48 72.42 59.51 59.58 97.03 37.50

W4A4

RTN 38.48 61.53 56.42 70.46 56.91 56.76 92.45 49.33
QuaRot 36.43 56.19 51.24 66.76 54.54 53.03 86.37 56.19
QuaRot∗ 36.09 59.30 53.06 68.55 55.33 54.47 88.71 53.75
SpinQuant 34.64 57.24 52.82 68.39 55.49 53.72 87.49 51.09
SpinQuant∗ 37.88 60.4 55.34 69.53 57.22 56.07 91.33 46.28
FlatQuant 39.93 65.82 57.07 71.00 56.04 57.97 94.42 38.36
FlatQuant∗ 40.19 66.84 58.13 69.80 57.54 58.50 95.28 36.40
AWQ 37.08 63.76 54.49 71.06 57.70 56.82 92.54 46.00
SmoothQuant 38.99 65.07 55.81 70.80 56.70 57.47 93.60 52.00
SmoothQuant∗ 38.65 64.60 56.74 70.73 57.62 57.67 93.92 43.57
MR-GPTQ 38.99 63.43 57.19 69.48 58.96 57.61 93.83 42.17
GPTQ 39.25 62.75 57.47 69.91 56.99 57.27 93.28 44.50

Table 2: Comparison of PTQ methods on openPangu-Embedded-7B-V1.1 under W8A8, W4A8, and W4A4 about
non-reasoning downstream task accuracy and perplexity. * denotes the variant integrated with the GPTQ algorithm.

activation magnitude compared to FlatQuant.383

RTN remains a strong baseline across all bit-384

widths. The experimental phenomenon under-385

scores a critical limitation: most existing PTQ386

methods were designed and optimized for the INT387

format. However, these methods frequently fail to388

align with the quantization scheme of the MXFP389

format, yielding only marginal gains, or even re-390

gressions, over RTN when naively transferred to391

MXFP. This suggests that effective quantization392

methods for the MXFP format require designs that393

explicitly account for its quantization scheme.394

Takeaways 2

Error compensation and affine transformations
are better aligned with MXFP quantization, es-
pecially at low bit-widths. The persistence of
RTN as a strong baseline suggests that MXFP
requires quantization methods designed for its
specific scheme.

395

3.4 Impact of Model Families and 396

Modalities (RQ3) 397

To assess how quantization performance varies 398

across model families and modalities, we evalu- 399

ate models along two dimensions: (i) models with 400

different modalities (i.e., Llama-3.1-8B-Instruct 401

vs. Qwen2.5-VL-7B), and (ii) models of the 402

same modality but from different families (i.e., 403

Llama-3.1-8B-Instruct vs. openPangu-Embedded- 404

7B-V1.1). 405

PTQ effectiveness under MXFP is largely con- 406

sistent across models and modalities. Figure 3 407

summarizes the recovery rate performance of four 408

models under different MXFP quantization settings 409

and PTQ methods. We further analyze the correla- 410

tion (the Pearson correlation coefficient (Benesty 411

et al., 2009)) among their performance curves and 412

observe a high degree of consistency, with an aver- 413

age pairwise correlation of 0.917. This strong align- 414

ment indicates that PTQ methods under MXFP 415

exhibit similar performance trends across architec- 416
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Bits Method OCRBench MMBench MMBenchCN TextVQA ChartQA MME MMMU Recovery (%)

BF16 – 877 79.08 75.95 84.61 85.61 2321 49.5 100.00

W8A8

RTN 879 78.32 75.34 84.32 86.68 2312 50.1 100.03
QuaRot 874 79.00 75.86 84.21 86.20 2302 49.9 99.95
QuaRot* 873 78.32 74.48 83.90 86.60 2300 49.2 99.35
SpinQuant 880 78.66 74.74 84.33 86.32 2323 48.6 99.57
SpinQuant* 881 79.12 75.16 84.63 86.42 2325 49.4 100.06
FlatQuant 879 79.17 75.95 84.63 86.64 2329 50.2 100.48
FlatQuant* 878 78.66 75.69 84.51 86.28 2339 50.3 100.33
AWQ 873 78.15 76.03 83.46 86.16 2300 49.9 99.67
SmoothQuant 874 78.32 75.09 83.73 86.28 2337 49.2 99.63
SmoothQuant* 883 78.49 76.37 83.75 85.40 2314 50.3 100.08
GPTQ 872 78.49 76.29 84.29 85.81 2315 50.2 100.02

W4A8

RTN 855 78.57 76.80 82.74 84.56 2240 50.3 98.95
QuaRot 863 77.98 73.63 82.87 85.08 2297 49.1 98.49
QuaRot* 859 79.00 76.55 82.91 84.60 2208 49.2 98.57
SpinQuant 864 77.89 74.40 83.30 85.68 2137 49.6 97.97
SpinQuant* 866 78.40 73.97 83.81 85.72 2271 50.9 99.31
FlatQuant 861 76.70 75.77 81.81 86.28 2287 49.2 98.62
FlatQuant* 870 76.87 73.59 82.96 86.28 2307 49.5 98.79
AWQ 866 77.72 74.31 81.82 85.48 2314 48.5 98.44
SmoothQuant 849 76.19 74.44 81.1 84.36 2242 47.6 96.90
SmoothQuant* 868 78.32 75.43 83.45 85.08 2275 48.7 98.82
GPTQ 864 77.89 76.03 83.18 85.80 2325 50.2 99.61

W4A4

RTN 845 77.04 74.88 78.62 82.97 2194 46.1 95.69
QuaRot 843 73.83 68.73 78.89 81.76 2195 46.3 93.83
QuaRot* 840 75.34 71.91 80.20 84.56 2103 47.0 94.98
SpinQuant 843 73.21 69.17 78.98 80.76 2006 47.1 92.72
SpinQuant* 851 74.83 70.19 80.29 82.60 2190 47.2 95.02
FlatQuant 853 75.26 74.31 80.14 85.44 2293 47.2 96.99
FlatQuant* 860 74.23 69.67 81.56 86.32 2287 48.4 96.74
AWQ 840 74.83 72.08 79.71 83.32 2249 47.3 95.61
SmoothQuant 843 75.26 72.51 81.26 84.04 2204 49.6 96.59
SmoothQuant* 843 76.62 73.20 81.35 84.60 2231 47.0 96.49
GPTQ 846 76.19 73.97 81.12 83.72 2336 48.0 97.36

Table 3: Comparison of PTQ methods on Qwen2.5-VL-7B under W8A8, W4A8, and W4A4 quantization across
multimodal benchmarks. * denotes the variant integrated with the GPTQ algorithm.
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Figure 3: Recovery rate performance of various PTQ methods
across MXFP quantization settings. Each curve represents results
from all quantization settings of a model. We also show the pairwise
correlation of two different models. The correlation is calculated
using the Pearson correlation coefficient.

Figure 4: Impact of scaling factor er-
ror. Restoring low-precision values and low-
precision scales (LPX, LPS) to low-precision
values with high-precision scales (LPX, HPS)
leads to a clear reduction in perplexity (PPL).

LLM ViT OCRBench MMBench MMBenchCN TextVQA ChartQA MME MMMU Recovery (%)

BF16 BF16 877 79.08 75.95 84.61 85.61 2321 49.5 100.00

W8A8
W4A4 856 77.72 75.43 83.13 85.56 2288 49.3 98.96
W8A8 879 78.32 75.34 84.32 86.68 2312 50.1 100.03

W4A4
W4A4 845 77.04 74.88 78.62 82.97 2194 46.1 95.69
W8A8 854 77.81 76.62 80.50 82.56 2214 47.9 97.20

Table 4: Comparison of the impact of the LLM and ViT
quantization under RTN on Qwen-2.5-VL-7B. Recovery
(%) is computed relative to the BF16 baseline.

tures and modalities, suggesting that their effective-417

ness is not strongly model- or modality-dependent.418

In MLLMs, quantization sensitivity is domi-419

nated by the LLM rather than vision Trans-420

former. To dissect the contribution of each com-421

ponent of MLLMs to final results, we separately422

quantize the LLM and vision Transformer (ViT)423

in Qwen2.5-VL-7B using RTN. As seen in Ta- 424

ble 4, reducing the LLM from W8A8 to W4A4 425

induces a significant accuracy recovery rate drop 426

(3% in Qwen2.5-VL-7B), whereas applying the 427

same W4A4 quantization to the ViT results in ap- 428

proximately 1% degradation. These results suggest 429

a practical and effective quantization policy: retain 430

higher precision (e.g., W8A8) in the LLM while 431

aggressively quantizing the ViT (e.g., W4A4). Un- 432

der this configuration, the model achieves nearly 433

lossless accuracy while reducing memory footprint 434

and the latency of the first token generation, mak- 435

ing it a compelling default for realistic multimodal 436

deployments. 437
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LLM Weights Textual Visual OCRBench MMBench MMBenchCN TextVQA ChartQA MME MMMU Recovery (%)

W16

A16 A16 918 85.46 85.40 83.92 87.68 2287 54.5 100.00
A16 A4 901 85.37 85.14 83.68 86.96 2302 53.5 99.35
A4 A16 902 84.35 84.45 83.68 87.32 2335 53.4 99.32
A4 A4 908 83.59 82.13 83.42 87.36 2289 51.5 98.07

W4

A8 A8 885 83.42 83.16 82.56 86.44 2270 53.2 97.89
A8 A4 878 82.91 83.16 82.26 86.52 2223 51.6 96.95
A4 A8 873 82.48 82.39 81.87 86.04 2268 51.4 96.75
A4 A4 873 82.48 82.56 81.39 86.00 2259 50.7 96.45

W4*

A8 A8 899 85.29 83.85 83.4 87.28 2295 53.0 98.92
A8 A4 886 84.87 84.16 83.2 87.44 2316 53.6 98.98
A4 A8 893 83.59 82.56 82.9 86.92 2288 51.9 97.85
A4 A4 876 82.91 81.96 83.06 86.88 2280 52.8 97.58

Table 5: Comparison of activation quantization for
textual and visual tokens under different settings in
openPangu-VL-7B. Weights are kept in full precision
(W16) or quantized to 4-bit (W4) using RTN; the * indi-
cates GPTQ-based weight quantization. Note that the
ViT component remains unquantized.

Strategy Metric

Pre-scale ARC-C ARC-E HellaSwag PIQA Winogrande Avg Acc ↑ PPL ↓

✓ 38.48 61.53 56.42 70.46 56.91 56.76 49.33
✗ 32.34 58.12 48.76 67.41 55.33 52.39 104.42

Table 6: Ablation study of optimization strategy for
openPangu-Embedded-7B-V1.1 under W4A4. Pre-
scale refers to scaling inputs before computing quanti-
zation parameters.

Visual tokens are more robust under MXFP438

quantization compared to INT formats. Prior439

studies have shown that quantizing MLLMs to INT440

formats is particularly challenging, as visual tokens441

exhibit significantly larger outliers and a wider ac-442

tivation range than their textual counterparts (Yu443

et al., 2025; Xue et al., 2025). However, as shown444

in Table 5, under MXFP quantization, reducing445

the bit-width allocated to visual tokens does not446

result in noticeable accuracy degradation. This447

observation may be associated with MXFP’s ex-448

ponent–mantissa decoupling, which allows more449

flexible handling of wide activation ranges while450

maintaining enough precision.451

Takeaways 3

PTQ methods under MXFP exhibit consistent
effectiveness across models and modalities. In
MLLMs, quantization sensitivity is dominated
by the LLM rather than the ViT, favoring a
mixed-precision design that preserves higher
LLM precision. Visual tokens are more robust
under MXFP than INT, with reduced bit-width
causing no noticeable accuracy loss.

452

3.5 Analysis of MXFP4 Quantization453

Components (RQ4)454

Quantization Error From Scaling Factors.455

Considering the non-trivial quantization error intro-456

duced by MXFP4 quantization, we study the error457

introduced by the scaling factors. FP8 block-level458

scaling factors s in MXFP formats must satisfy459

the constraints of the E8M0 data type. Follow- 460

ing (Cook et al., 2025), we keep the scaling factors 461

in high precision while still mapping the scaled val- 462

ues onto the FP4 representable grid, and compute 463

the relative perplexity (PPL) difference from BF16, 464

as shown in Figure 4. We observe that errors from 465

scaling factors have a significant impact on model 466

performance. When the error of scaling factors is 467

addressed, the relative perplexity (PPL) improves 468

clearly. This impact stems from the E8M0 format, 469

which forces scaling factors to be powers of two. 470

This coarse quantization often results in a large mis- 471

match between the optimal scale and the allowed 472

scale, thereby affecting all values in its block. 473

Pre-Scale Strategy. As pointed out in (Tseng 474

et al., 2025), we adopt the unbiased MXFP4 quan- 475

tization strategy to mitigate systematic clipping 476

bias introduced by the limited FP4 dynamic range. 477

Specifically, the input is first scaled by a factor 478

of 3/4 before quantization, effectively preventing 479

clipping while preserving relative magnitudes. As 480

shown in Table 6, enabling Pre-scale operation en- 481

hances performance from 52.39% to 56.76% and 482

reduces PPL from 104.42 to 49.33. 483

Takeaways 4

The quantization error from scaling factors is not
negligible. The Pre-scale optimization strategy
is recommended.

484

4 Conclusion 485

This work systematically studies PTQ under MXFP 486

formats. We show that MXFP8 supports stable, 487

near-lossless deployment. Quantization effective- 488

ness under MXFP is governed by compatibility 489

with its block floating-point scheme, resulting in 490

consistent performance differences across algorith- 491

mic paradigms. Across model families and modal- 492

ities, PTQ performance exhibits highly aligned 493

trends. In multimodal models, quantization sen- 494

sitivity is dominated by the language component. 495

We further identify scaling-factor quantization as a 496

key error source in MXFP4 and show that a simple 497

pre-scale optimization strategy can effectively miti- 498

gate its impact. Overall, MXFP should be treated 499

as a distinct numerical regime rather than a drop- 500

in replacement for integer formats. Our findings 501

provide practical guidance for MXFP-aware quan- 502

tization design. 503
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Limitation504

Our study is conducted on 7B/8B-scale LLMs and505

MLLMs and focuses on MXFP formats. While506

these settings cover widely used foundation mod-507

els and representative microscaling designs, we508

do not evaluate substantially larger models (e.g.,509

30B-scale models) or NVIDIA-specific NVFP for-510

mats (e.g., NVFP4 and NVFP8). Although many511

observations appear to arise from intrinsic proper-512

ties of block floating-point quantization and there-513

fore suggest a degree of generality, it remains un-514

clear how well these conclusions extend to much515

larger model scales or to alternative microscaling516

formats with different exponent and scaling designs.517

A systematic investigation along these directions is518

left for future work.519
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A Appendix777

A.1 Benchmarks and Evaluation Details778

Below, we briefly introduce the benchmarks and779

the evaluation details in this study.780

Non-Reasoning Benchmarks. PIQA: It is a781

physical commonsense reasoning and correspond-782

ing benchmark dataset, which was designed to in-783

vestigate the physical knowledge of existing mod-784

els. Winogrande: Winogrande is a collection of785

44k problems formulated as a fill-in-a-blank task786

with binary options, and the goal is to choose787

the right option for a given sentence, which re-788

quires commonsense reasoning. Hellaswag: It789

is a commonsense inference benchmark designed790

to challenge language models with adversarially791

filtered multiple-choice questions. ARC-Easy &792

ARC-Challenge: The ARC dataset consists of793

7,787 science exam questions drawn from a va-794

riety of sources. Each question has a multiple-795

choice structure (typically 4 answer options). ARC-796

Easy contains 5,197 easy questions, and ARC-797

Challenge contains 2,590 hard questions. For all798

non-reasoning benchmarks, we use lm-evaluation-799

harness (Gao et al., 2024) with the vllm (Kwon800

et al., 2023) backend for evaluation.801

Reasoning Benchmarks. MATH500: A bench-802

mark that contains a mix of easy and hard math-803

ematical problems designed to test comprehen-804

sive reasoning abilities. We evaluate model per-805

formance using Avg@1 (i.e., the accuracy of the806

first generated answer). AIME24: It contains 30807

problems from the American Invitational Math-808

ematics Examination (AIME) 2024. AIME25:809

It contains 30 problems from the American Invi-810

tational Mathematics Examination (AIME) 2025.811

Following standard practice for high-stakes math812

benchmarks, we report results using Avg@16813

for AIME24 and AIME25, which averages ac-814

curacy over 16 independently sampled reasoning815

traces per problem. For all reasoning benchmarks,816

we follow (openPangu Team, 2025a) to evaluate817

openPangu-Embedded-7B-V1.1 without extra CoT818

prompts across all reasoning benchmarks. We use819

Lighteval (Habib et al., 2023) with the vllm (Kwon820

et al., 2023) backend for evaluation with a sampling821

temperature of 1.0 and top-p of 0.8. The maximum822

sequence length of the model is limited to 131,072.823

Image-Text Benchmarks. OCRBench: OCR-824

Bench is a comprehensive evaluation bench-825

mark designed to assess the OCR capabilities of 826

Large Multimodal Models, which contains 1000 827

question-answer pairs, including Text Recogni- 828

tion, SceneText-Centric VQA, Document-Oriented 829

VQA, Key Information Extraction, and Handwrit- 830

ten Mathematical Expression Recognition. MM- 831

Bench: It is a collection of benchmarks to eval- 832

uate the multimodal understanding capability of 833

large vision language models (LVLMs). TextVQA: 834

TextVQA evaluates a model’s ability to read and 835

reason about text present in images. We use the val- 836

idation set, which contains 5,000 question-answer 837

pairs. ChartQA: A benchmark focused on chart 838

understanding and reasoning. MME: A bench- 839

mark that evaluates LVLMs across multiple di- 840

mensions, including perception, cognition, and ob- 841

ject hallucination. MMMU: This is a challenging 842

multidisciplinary problem involving benchmark- 843

ing across fields such as art, engineering, law, and 844

medicine. For all Image-Text benchmarks, we use 845

metrics in LMMs-Eval (Zhang et al., 2025) with 846

the vllm (Kwon et al., 2023) backend for evalua- 847

tion. In the main tables, Vision Transformer (ViT) 848

is quantized by RTN, and LLM is quantized by 849

different PTQ methods. 850

A.2 Additional Experiments 851

A.2.1 Results on Reasoning Benchmarks 852

We provide the detailed results on reasoning bench- 853

marks in Table 7. 854

A.2.2 Results on openPangu-VL-7B 855

We provide the detailed evaluation results on 856

openPangu-VL-7B for reference (see Table 8). 857

A.2.3 Results under More Quantization 858

Scenarios 859

Below, we report the results of openPangu- 860

Embedded-7B-V1.1 and Llama-3.1-8B-Instruct 861

under more bit-width configurations (including 862

W4A16 and W4A8KV8) as shown in Table 9 and 863

Table 10, respectively. 864

Results on W4A16. According to Table 9 and 865

Table 10, even though activations remain at high 866

precision (16-bit), quantizing weights to 4 bits al- 867

ready leads to a noticeable performance drop for 868

most methods. For instance, QuaRot achieves only 869

a 95.27% recovery rate on openPangu-Embedded- 870

7B-V1.1, falling into the risky regime (<97%). In- 871

terestingly, when comparing W4A16 with the more 872

aggressive W4A8 setting, we observe that the pri- 873

mary bottleneck lies in 4-bit weight quantization 874
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Bits Method ACC (0-shot) ↑ Avg. Recovery (%)
AIME24 AIME25 MATH-500

BF16 – 77.29 71.25 96.20 81.58 100.00

W8A8

RTN 78.33 67.71 94.80 80.28 98.41
SpinQuant∗ 76.88 68.96 96.20 80.68 99.00
FlatQuant∗ 74.58 65.62 94.20 78.13 95.78
SmoothQuant∗ 77.29 67.71 95.40 80.13 98.23
GPTQ 80.00 68.54 95.00 81.18 99.51

W4A8

RTN 70.00 61.46 94.80 75.42 92.45
SpinQuant∗ 73.96 66.46 94.00 78.14 95.78
FlatQuant∗ 71.67 65.62 95.40 77.56 95.08
SmoothQuant∗ 73.96 62.29 95.60 77.28 94.73
GPTQ 72.50 66.04 94.80 77.78 95.34

W4A4

RTN 62.50 54.37 94.20 70.36 86.24
SpinQuant∗ 47.26 44.37 90.80 60.81 74.54
FlatQuant∗ 68.75 57.92 93.60 73.42 90.00
SmoothQuant∗ 61.25 54.58 93.00 69.61 85.33
GPTQ 66.67 55.21 93.00 71.63 87.80

Table 7: Comprehensive comparison of PTQ methods on openPangu-Embedded-7B-V1.1 under W8A8, W4A8,
and W4A4 in terms of reasoning downstream task accuracy. * denotes the variant integrated with the GPTQ
algorithm. Recovery (%) is computed relative to the BF16 baseline.

itself, rather than 8-bit activation compression, as875

the performance of most methods only slightly de-876

creases. For example, on openPangu-Embedded-877

7B-V1.1, SpinQuant’s recovery rate drops only878

slightly from 95.10% (W4A16) to 94.46% (W4A8),879

while FlatQuant’s recovery rate even improves880

from 96.87% (W4A16) to 97.12% (W4A8). These881

findings suggest that even the 4-bit weight quanti-882

zation alone constitutes a significant challenge.883

Results on W4A8KV8. We further investigated884

the impact of 8-bit KV cache quantization. Accord-885

ing to Table 9 and Table 10, comparing the W4A8886

setting with W4A8KV8, some methods maintain887

stable performance when the KV cache is 8-bit888

quantized. For example, on openPangu-Embedded-889

7B-V1.1, RTN, SpinQuant, and FlatQuant show890

only minor changes in accuracy recovery rate,891

changing from 95.44%, 94.46%, and 97.12% to892

95.14%, 94.33%, and 97.42%, respectively. How-893

ever, other methods exhibit noticeable degrada-894

tion. For instance, the accuracy recovery rate of895

SmoothQuant and GPTQ drops from 96.33% and896

97.03% to 94.96% and 95.32%, respectively. These897

results indicate that 8-bit KV cache quantization is898

not risk-free, and different quantization methods899

exhibit varying degrees of robustness to KV cache900

precision reduction. 901

A.3 Visualization of Activations 902

Figure 5 shows the activation distributions of 903

the q_proj module in Layer 8 of openPangu- 904

Embedded-7B-V1.1 under various quantization 905

methods. 906

A.4 Use of AI Assistants 907

We acknowledge that we used AI to help improve 908

the manuscript, mainly for grammar, phrasing, and 909

overall clarity. AI was also briefly used to fix small 910

errors and syntax in the code included in the work. 911
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Bits Method OCRBench MMBench MMBenchCN TextVQA ChartQA MME MMMU Recovery (%)

BF16 – 918 85.46 85.4 83.92 87.68 2287 54.5 100.00

W8A8

RTN 906 85.05 85.71 83.78 88.04 2329 51.8 99.39
QuaRot 899 85.54 84.54 83.64 87.32 2263 53.9 99.16
QuaRot* 898 85.80 84.36 83.48 87.52 2266 52.4 98.79
SpinQuant 905 85.42 85.31 83.84 87.25 2285 54.2 99.60
SpinQuant* 904 85.46 85.21 83.71 87.24 2285 54.3 99.58
FlatQuant 908 85.20 85.05 83.79 87.42 2280 54.3 99.58
FlatQuant* 908 85.46 85.65 84.14 87.56 2285 54.6 99.92
AWQ 911 85.22 85.20 83.76 87.68 2290 54.0 99.68
SmoothQuant 914 85.29 85.48 82.71 87.66 2289 54.4 99.70
SmoothQuant* 908 85.29 85.21 83.14 87.25 2280 54.5 99.54
GPTQ 908 85.71 85.22 83.93 87.72 2295 54.3 99.86

W4A8

RTN 887 83.08 82.90 82.47 86.52 2237 51.3 97.11
QuaRot 872 81.97 80.41 82.16 86.12 2270 47.7 95.42
QuaRot* 884 84.86 81.79 82.90 86.88 2269 50.7 97.35
SpinQuant 894 83.08 81.70 82.94 87.32 2231 49.6 96.75
SpinQuant* 911 84.10 83.08 83.65 86.80 2291 53.3 98.80
FlatQuant 906 84.18 83.42 83.44 87.52 2280 53.3 98.80
FlatQuant* 905 84.27 84.54 83.49 87.80 2259 53.3 98.91
AWQ 884 83.59 82.65 82.80 86.48 2264 53.2 97.82
SmoothQuant 884 83.16 82.39 82.71 87.16 2259 52.7 97.65
SmoothQuant* 903 83.93 84.11 83.23 87.48 2289 51.3 98.32
GPTQ 898 85.63 84.19 83.11 87.24 2267 52.8 98.73

W4A4

RTN 878 81.55 80.50 80.77 85.88 2193 52.3 95.91
QuaRot 823 68.11 53.61 76.26 68.10 2005 40.1 80.27
QuaRot* 844 74.40 62.63 77.97 78.84 2034 44.5 86.54
SpinQuant 852 72.45 63.06 78.56 83.40 1988 41.3 86.12
SpinQuant* 874 77.98 75.09 80.45 85.90 2198 48.3 93.28
FlatQuant 866 82.99 81.96 81.43 86.44 2191 50.0 95.80
FlatQuant* 896 84.01 81.7 83.15 86.96 2196 50.3 96.88
AWQ 880 81.80 80.67 81.04 85.80 2226 50.5 95.78
SmoothQuant 867 80.61 78.69 80.89 85.64 2215 52.4 95.42
SmoothQuant* 892 81.63 80.15 82.2 87.04 2246 50.6 96.40
GPTQ 879 82.56 80.58 81.00 85.88 2277 51.0 96.33

Table 8: Comparison of PTQ methods on openPangu-VL-7B under W8A8, W4A8, and W4A4 quantization across
multimodal benchmarks. * denotes the variant integrated with the GPTQ algorithm.

(a) BF16 (b) QuaRot (c) SpinQuant (d) FlatQuant

Figure 5: Activation distributions of the q_proj module in layer 8 of openPangu-Embedded-7B-V1.1 with different
quantization methods. Each subplot shows the activations observed during inference, highlighting how quantization
methods alter the dynamic range and distribution.
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Bits Method ACC (0-shot) ↑ PPL ↓
ARC-C ARC-E HellaSwag PIQA Winogrande Avg. Recovery.(%) WikiText

BF16 – 42.75 67.26 62.86 73.50 60.62 61.40 100.00 34.89

W8A8

RTN 44.03 66.25 61.74 73.61 57.77 60.68 98.83 35.75
QuaRot 42.24 65.95 62.45 72.42 60.69 60.75 98.94 35.21
QuaRot∗ 42.83 68.22 62.18 73.78 60.96 61.59 100.32 35.75
SpinQuant 42.49 67.34 62.42 72.31 60.30 60.97 99.31 35.49
SpinQuant∗ 42.58 68.43 62.52 73.94 59.59 61.41 100.02 33.04
FlatQuant 43.43 68.64 62.25 73.78 59.04 61.43 100.05 30.96
FlatQuant∗ 43.86 69.23 62.33 74.05 61.33 62.16 101.24 30.87
AWQ 41.98 68.48 61.16 72.58 61.09 61.06 99.45 38.00
SmoothQuant 42.58 66.50 62.08 72.69 59.19 60.61 98.71 35.25
SmoothQuant∗ 42.15 66.67 61.84 72.36 59.59 60.52 98.57 35.00
MR-GPTQ 43.09 67.80 62.84 73.72 59.91 61.47 100.12 34.57
GPTQ 42.92 67.13 61.66 72.69 57.85 60.45 98.46 34.75

W4A16

RTN 41.72 66.04 59.06 72.36 58.64 59.56 97.01 39.99
QuaRot 40.53 63.05 58.25 71.76 57.70 58.26 94.89 43.29
QuaRot∗ 40.27 64.35 58.65 71.44 57.62 58.47 95.22 40.50
SpinQuant 39.25 63.13 58.35 72.09 59.12 58.39 95.10 38.11
SpinQuant∗ 41.55 68.18 61.02 72.85 60.38 60.80 99.02 35.26
FlatQuant 39.68 65.45 60.50 72.80 58.96 59.48 96.87 37.68
FlatQuant∗ 41.81 66.92 60.72 72.42 59.12 60.20 98.05 37.62
AWQ 41.81 66.33 58.37 73.67 58.80 59.80 97.39 40.00
SmoothQuant 40.44 66.08 59.71 72.80 57.22 59.25 96.50 43.25
SmoothQuant∗ 42.49 66.75 60.46 73.56 58.80 60.41 98.39 38.75
MR-GPTQ – – – – – – – –
GPTQ 40.80 65.50 60.80 72.20 59.75 59.81 97.41 37.00

W4A8

RTN 39.59 65.24 58.70 71.60 57.85 58.60 95.44 42.17
QuaRot 40.10 64.10 57.95 72.69 57.70 58.51 95.29 40.87
QuaRot∗ 40.02 65.07 58.54 71.44 57.62 58.54 95.84 43.83
SpinQuant 39.59 61.57 58.56 72.09 58.17 58.00 94.46 38.94
SpinQuant∗ 42.41 67.85 60.74 72.91 58.8 60.54 98.60 34.75
FlatQuant 40.78 66.54 60.15 72.52 58.17 59.63 97.12 37.67
FlatQuant∗ 42.15 67.63 60.54 72.80 57.38 60.10 97.89 37.72
AWQ 39.85 66.25 58.13 73.07 58.17 59.09 96.25 41.75
SmoothQuant 40.78 66.20 58.82 72.47 57.46 59.15 96.33 43.25
SmoothQuant∗ 41.64 67.47 59.88 73.07 58.88 60.19 98.03 40.00
MR-GPTQ 40.87 66.84 60.64 72.63 57.93 59.78 97.36 39.19
GPTQ 40.96 65.51 59.48 72.42 59.51 59.58 97.03 37.50

W4A8KV8

RTN 40.19 63.34 57.94 72.03 58.56 58.41 95.14 44.16
QuaRot 39.93 63.76 57.73 72.03 57.93 58.28 94.92 41.74
QuaRot∗ 39.93 64.69 58.13 71.06 59.27 58.62 95.47 42.50
SpinQuant 37.63 62.96 58.06 72.14 58.80 57.92 94.33 39.81
SpinQuant∗ 43.17 65.78 60.34 72.36 60.69 60.47 98.48 36.56
FlatQuant 40.61 68.10 59.58 72.31 58.48 59.82 97.42 38.66
FlatQuant∗ 41.81 66.29 60.05 71.76 58.01 59.58 97.03 39.28
AWQ 39.16 64.94 56.87 72.31 58.17 58.29 94.94 44.50
SmoothQuant 39.85 64.60 58.20 71.87 56.99 58.30 94.96 45.25
SmoothQuant∗ 42.49 64.44 59.15 71.76 58.96 59.36 96.68 41.25
MR-GPTQ – – – – – – – –
GPTQ 39.51 63.41 58.89 71.00 59.83 58.53 95.32 39.25

W4A4

RTN 38.48 61.53 56.42 70.46 56.91 56.76 92.45 49.33
QuaRot 36.43 56.19 51.24 66.76 54.54 53.03 86.37 56.19
QuaRot∗ 36.09 59.30 53.06 68.55 55.33 54.47 88.71 53.75
SpinQuant 34.64 57.24 52.82 68.39 55.49 53.72 87.49 51.09
SpinQuant∗ 37.88 60.4 55.34 69.53 57.22 56.07 91.33 46.28
FlatQuant 39.93 65.82 57.07 71.00 56.04 57.97 94.42 38.36
FlatQuant∗ 40.19 66.84 58.13 69.80 57.54 58.50 95.28 36.40
AWQ 37.08 63.76 54.49 71.06 57.70 56.82 92.54 46.00
SmoothQuant 38.99 65.07 55.81 70.80 56.70 57.47 93.60 52.00
SmoothQuant∗ 38.65 64.60 56.74 70.73 57.62 57.67 93.92 43.57
MR-GPTQ 38.99 63.43 57.19 69.48 58.96 57.61 93.83 42.17
GPTQ 39.25 62.75 57.47 69.91 56.99 57.27 93.28 44.50

Table 9: Comprehensive comparison of PTQ methods on openPangu- Embedded-7B-V1.1 under W8A8, W4A8,
and W4A4 in terms of non-reasoning downstream task accuracy and perplexity. * denotes the variant integrated
with the GPTQ algorithm.
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Bits Method ACC (0-shot) ↑ PPL ↓
ARC-C ARC-E HellaSwag PIQA Winogrande Avg. Recovery (%) WikiText

BF16 – 55.20 79.63 79.15 81.07 73.95 73.80 100.00 –

W8A8

RTN 53.50 78.45 79.11 80.14 73.64 72.97 98.87 7.31
QuaRot 55.72 80.09 78.76 80.58 73.64 73.76 99.94 7.39
QuaRot∗ 56.4 80.81 78.84 81.01 74.35 74.28 100.65 7.40
SpinQuant 55.89 80.18 78.60 80.79 74.51 73.99 100.26 7.39
SpinQuant∗ 54.35 80.09 78.12 80.2 73.8 73.31 99.34 7.41
FlatQuant 55.80 79.46 78.99 81.12 73.80 73.83 100.05 7.27
FlatQuant∗ 54.69 79.42 78.56 80.63 74.19 73.50 99.59 7.33
AWQ 54.27 79.17 78.48 80.74 73.80 73.29 99.31 7.34
SmoothQuant 55.38 79.08 79.14 81.23 74.51 73.87 100.09 7.34
SmoothQuant∗ 55.03 79.63 78.73 81.39 73.88 73.73 99.91 7.34
MR-GPTQ 55.38 79.12 78.99 81.01 73.95 73.69 99.85 7.24
GPTQ 54.69 79.12 78.47 80.79 74.35 73.48 99.57 7.33

W4A16

RTN 53.24 77.90 77.32 80.36 73.80 72.52 98.27 7.64
QuaRot 48.98 75.67 76.68 78.56 70.64 70.11 94.99 8.28
QuaRot∗ 53.33 77.65 77.00 79.43 73.40 72.16 97.78 7.75
SpinQuant 50.43 75.13 76.17 78.67 71.51 70.38 95.37 8.38
SpinQuant∗ 52.47 78.37 77.35 80.2 73.4 72.36 98.05 7.70
FlatQuant 53.92 77.36 77.58 80.25 73.32 72.49 98.22 7.86
FlatQuant∗ – – – – – – – –
AWQ 53.92 79.46 77.73 80.25 73.40 72.95 98.85 7.62
SmoothQuant 53.50 78.48 77.85 80.25 74.51 72.92 98.80 7.62
SmoothQuant∗ 53.16 76.81 77.61 79.11 73.01 71.94 97.48 7.75
MR-GPTQ – – – – – – – –
GPTQ 53.92 79.04 77.65 80.96 73.48 73.01 98.93 7.71

W4A8

RTN 53.07 76.81 77.04 80.03 73.48 72.09 97.68 7.71
QuaRot 49.15 75.93 76.37 78.29 71.03 70.15 95.06 8.45
QuaRot∗ 52.65 79.67 77.86 80.52 73.40 72.82 98.67 7.95
SpinQuant 49.91 75.59 76.10 78.07 71.90 70.31 95.28 8.50
SpinQuant∗ 52.82 78.37 76.96 79.6 73.32 72.21 97.85 7.84
FlatQuant 53.84 80.26 77.27 80.03 71.82 72.64 98.43 7.87
FlatQuant∗ 53.84 80.26 77.27 80.03 71.82 72.64 97.95 7.81
AWQ 53.84 79.25 77.55 79.98 73.88 72.90 98.78 7.75
SmoothQuant 54.01 77.61 77.77 79.98 74.98 72.87 98.74 7.75
SmoothQuant∗ 52.96 77.02 77.42 78.63 70.64 71.33 96.67 8.70
MR-GPTQ 54.52 78.62 77.28 80.47 73.80 72.94 98.83 7.83
GPTQ 53.5 79.59 79.71 81.18 73.6 73.52 99.62 7.87

W4A8KV8

RTN 52.22 77.02 76.91 79.92 73.64 71.94 97.48 7.31
QuaRot 50.09 76.09 76.25 78.78 70.32 70.31 95.27 8.46
QuaRot∗ 52.73 79.92 77.78 80.03 73.40 72.77 98.61 7.97
SpinQuant 50.09 75.25 75.89 77.91 71.43 70.31 95.28 8.50
SpinQuant∗ 52.9 78.32 77.44 80.58 72.61 72.37 98.06 7.79
FlatQuant 54.86 79.55 77.39 78.94 71.98 72.54 98.30 7.87
FlatQuant∗ 53.84 78.83 77.70 79.71 73.09 72.63 98.42 7.72
AWQ 54.52 79.12 77.53 79.87 72.93 72.79 98.64 7.75
SmoothQuant 53.33 77.48 77.57 80.30 74.98 72.73 98.55 7.73
SmoothQuant∗ 51.54 79.17 77.54 79.11 72.77 72.03 97.60 7.87
MR-GPTQ – – – – – – – –
GPTQ 54.15 78.62 77.37 80.09 73.35 72.72 98.53 7.34

W4A4

RTN 49.66 75.80 75.48 79.05 70.48 70.09 94.98 8.27
QuaRot 44.11 71.63 71.82 75.14 64.88 65.52 88.78 10.34
QuaRot∗ 49.15 74.62 74.26 77.48 68.98 68.90 93.36 9.12
SpinQuant 43.09 67.26 70.71 74.92 65.98 64.39 87.25 10.40
SpinQuant∗ 49.15 74.54 74.38 76.99 69.53 68.92 93.38 9.01
FlatQuant 52.05 77.27 76.89 79.49 70.64 71.27 96.57 8.03
FlatQuant∗ 51.19 78.58 76.77 78.94 71.67 71.43 96.79 8.06
AWQ 52.30 77.95 76.13 78.92 69.46 70.95 96.14 8.25
SmoothQuant 51.37 76.52 76.12 79.00 72.38 71.08 96.31 8.25
SmoothQuant∗ 50.51 73.36 75.27 76.82 67.17 68.63 92.98 8.50
MR-GPTQ 50.85 75.46 76.02 79.82 70.80 70.59 95.65 8.34
GPTQ 50.68 77.65 75.66 78.18 70.24 70.48 95.50 8.37

Table 10: Comprehensive comparison of PTQ methods on Llama-3.1-8B-Instruct under W8A8, W4A8, and W4A4
in terms of non-reasoning downstream task accuracy and perplexity. * denotes the variant integrated with the
GPTQ algorithm.
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