Under review as a conference paper at ICLR 2026

SQ-FORMAT: A UNIFIED SPARSE-QUANTIZED
HARDWARE-FRIENDLY DATA FORMAT FOR LARGE
LANGUAGE MODELS

Anonymous authors
Paper under double-blind review

ABSTRACT

Post-training quantization (PTQ) plays a crucial role in the democratization of
large language models (LLMs). However, existing low-bit quantizaiton and spar-
sification techniques are difficult to balance accuracy and efficiency due to the lim-
ited hardware support. For example, W4A8 can only achieve the same peak TOPS
as W8AS8 whereas the GPU-supported sparse data format (2:4 semi-structure
sparse) is seldomly adopted due to the loss of accuracy. To bridge this gap, in
this paper, we propose the Sparse-Quantized Format (SQ-format), which is a
unified data format for quantization and sparsification potentially easily supported
by new hardware and existing GPUs. SQ-format makes use of the fact that sparse
matrix can be accelerated in high-precision, and low-precision matrix multipli-
cation can also be accelerated accordingly. As such, SQ-format is proposed to
achieve Pareto improvement between performance and throughput. This format is
particularly suitable for activations with outlier inequality status and makes their
static compression possible. We show the state-of-the-art PTQ performance with
SQ-format, propose the hardware required to support it, and further offer the de-
sign exploration and insights for the next-generation Al acceleractors.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities (Wei et al.l 2025} [Li
et al.,|2025)), but their substantial memory and computation requirements present significant deploy-
ment challenges (Chavan et al.} [2024). To address this, quantization (Xiao et al., 2023} [Lin et al.,
20245 |Liu et al., [2025)) and sparsification (Frantar & Alistarh, 2023} |Dettmers et al., 2024) have
emerged as indispensable techniques, enabling LLMs to run on fewer GPUs or more cost-effective
hardware. Post-Training Quantization (PTQ) is particularly appealing as it allows for the direct
quantization of pre-trained models without costly retraining.

Current PTQ practices (Lin et al.,|2023; [Frantar et al.| | 2022a) have established that an 8-bit weight,
8-bit activation (W8AS) format can maintain near-lossless accuracy compared to BF16 setting. The
primary challenge now lies in pushing beyond this frontier to even lower bit-widths. However,
advanced uniform quantization, such as a W4A4 format, often leads to a significant degradation
in model performance (Liu et al., 2025). Furthermore, a critical hardware-algorithm gap impedes
the practical realization of mixed-precision benefits. Although modern GPUs feature specialized
tensor cores for 4-bit and 8-bit computations, they typically lack native support for direct hybrid-
precision operations (e.g., INT4 matrix multiplied by INT8 matrix). Consequently, theoretically
efficient schemes like W4A8 must be emulated using higher-precision data paths, nullifying the
potential performance gains, creating a persistent gap between theoretical throughput and deployed
reality (Lin et al., [2024} [Zheng et al., [2024)).

The solution lies in designing a hardware-friendly data format natively supporting sparsification and
quantization in hybrid precisions to accelerate computation while maintaining the performance. To
maintain the model performance, |Xiao et al.| (2023); [Lee et al.| (2024) have revealed that a small
subset of values in both weights and activations disproportionately impacts model performance and
is highly sensitive to quantization errors. Whether through quantization or sparsification, existing
compression methods struggle to adapt to the non-uniform distribution of information in LLMs.
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Quantization formats like Wx Ay apply a uniform bit-width across entire tensors, while sparsification
approaches like NVIDIA 2:4 semi-structure sparse (Pool et al.,2021; |Frantar & Alistarh, 2023) lacks
the flexibility to handle non-uniform information (Figure [6). These observations motivate a shift
towards a fine-grained, unified sparse and quantized paradigm, where critical values are preserved
in higher precision while the majority are compressed to lower bit-widths (e.g., 4-bit or even 2-
bit). Consider a W4AS8 setting: current hardware falls back to the less efficient W8A8 computation
path. Our core idea is that if the 8-bit activations could be decomposed into a sparse, high-precision
component (8-bit) and a dense, low-precision component (4-bit) in a hardware-friendly way (Zhong
et al.,[20244a)), the computation burden can be shifted to the much faster 4-bit tasks.

In this paper, inspired by the co-design philosophy evident in NVIDIA’s NVFP4 (Alvarez et al.,
20235) and 2:4 semi-structure sparse formats (Pool et al., [2021), where hardware features and data
formats are developed in tandem, we propose Sparse-Quantized Format (SQ-format). This format
enables hybrid-precision compression frameworks. In summary, our contribution are as follows:

* SQ-format Definition and Its Hardware Implementation (Section [2). We define SQ-format,
a new data format designed for hybrid integer precision matrix multiplication. We provide its
feasible hardware implementations for both current GPUs and next-generation Al accelerators.

¢ Achieving Pareto Improvement between Accuracy & Throughput (Section 3.2). We develop
two algorithms leveraging SQ-format for weights and activations. Conducting extensive experi-
ments on various LLMs, our results demonstrate that SQ-format elevates schemes with W4A4-
level throughput to near W4A8-level accuracy. Compared to W4 AS baselines, SQ-format delivers
superior throughput with a model performance gap of less than 1%.

* Quantization for Static Activation Splitting (Section 3.3). Applying SQ-format to activations
introduces potential runtime overhead due to dynamic value selection is not natively well sup-
ported by GPUs. To further eliminate this bottleneck, we develop a static strategy that pre-
determines the high-precision components by analyzing activation-weight product contributions
on a calibration set. This strategy removes the costly runtime operation, making the solution more
hardware-friendly while achieving performance comparable to its dynamic counterpart.

Through extensive experiments, this paper validates the superiority of SQ-format. We contend that
our work not only offers a practical solution for accelerating LLMs on current hardware but also
presents a compelling co-design blueprint for future Al accelerators.

2 METHODOLOGY

In this section, we first define the Sparse-Quantized Format (SQ-format) in Section 2.1l Then,
we demonstrate two example algorithms leveraging SQ-format for weights and activations in Sec-
tion[2.2] We finally discuss the hardware design solutions for SQ-format in Section [2.3]

2.1 SQ-FORMAT DEFINITION

SQ-format only applies to one operand in matrix multiplication to avoid complicated cross-format
computation. The other operand can use normal uniform formats. SQ-format supports both in-
teger (e.g., INT4) and floating point (e.g., FP4). It divides the precision used into high-precision
Phigh and low-precision hioy (€.8., hhigh = INTS, o, = INT4). The matrices in SQ-format are
divided by bank. A fixed bank size b and sparsity s avoids the load imbalance problem and removes
the distributed accumulator problem encountered with unstructured sparsity, and further reduce the
energy- and area-hungry (Liu et al. 2021} Moor Insights & Strategyl |2020). This is the reason
that GPU adopts 2:4 semi-structure sparse and our proposed SQ-format can be viewed as a general
extension, where s = 0.5, hioy = 0,0 = 4. We define the SQ-format components in Equation (1).

SQ—format(X) = ([Xquam]a [Squant]a [m]a hhigha h]0W7 b7 5) (1)

With X as a general matrix, [Xquant]; [Squant] are the quantized matrix with hnign / hiow and the scaling
matrix. We determine high- and low-precision parts by masks [m], which can be represented im-
plicitly by low-precision parts or explicitly by additional vectors. This serves as a framework whose
concrete mathematical formulation varies with the hardware implementation.
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2.2 EXAMPLE ALGORITHMS WITH SQ-FORMAT

We demonstrate two PTQ algorithms based on SQ-format. For weights and activations, each algo-
rithm selects one to use SQ-format, and the other is executed with classic quantization.

SQ-format on Weights. When using SQ-format on weights, a weight matrix is represented by
high-precision and low-precision parts. For the simplicty of hardware implementation, we adopt the
symmetric quatization. Therefore, the unused largest value of the low-precision format is considered
as a high-precision mask, indicating that high-precision elements should be used for computation
here. For example, When Ay, = INT2, values in {—1,0, 1} are normal elements, and vyax = 2
is used to indicate the high-precision presence. The high-precision elements are sparsely located,
while stored compactly since we adopt a fixed-sparsity per-bank setting without any wasted gaps.
See an INT4/INT8 example in Figure|I]

Algorithm 1 (SQ-format on Weights): Based on SQ-format, we combine GPTQ (Frantar et al.,
2022al) and SmoothQuant (Xiao et al.,2023)) to implement our quantization strategy. We first smooth
the weight matrices on the calibration set. When quantizing the smoothed weight matrix W’ of a
given layer, we use the Hessian matrix H, derived from the calibration set activations, to approximate
information loss. To determine the high- and low-precision elements, follow |Frantar et al.[(2022a}b),
for W' ,, we compute its importance score by I,; = (W’ ;)?/(H;!)?, which synthesizes the
weight’s own magnitude with the model’s sensitivity to its perturbation. Within each weight bank,
we rank the weights based on I and select the top (1 — s) fraction of weights within each column to

generate a high-precision mask. The detailed procedure is described in Algorithm|T}
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Figure 1: An example of a weight matrix using SQ-format (Apign = INTS, higw = INT4, 5 = 0.5).
In this case, each column of each bank is split into a high-precision part and a low-precision part for
quantization as a group. The high-precision part is stored compactly, while the low-precision part is
still stored in its original shape, but the corresponding high-precision places is valued vy, = 15.

SQ-format on Activations. When using SQ-format on activations, it divides matrices into two
parts: high-precision (important) and low-precision (less important), whereas there are naturally per-
channel outliers in activations, which are of significant importance to information loss. However, we
cannot quantize activations like Algorithm [I] owing to their dynamic nature. During inference, we
need to construct SQ-format representation for activations, which introduces extra TopK overhead
in addition to (de)quantization. The overhead can be easily eliminated with dedicated hardware
support illustrated in Section [2.3] SQ-format is bank based and thereby can be mapped on the
hardware implementation as a pipelined preprocess for tensor cores.

Algorithm 2 (Static Strategy for SQ-format on Activations): To broaden the SQ-format applica-
tion, we also propose a static strategy for activations to address this issue. We can generate mask
vectors for SQ-format on the calibration set in advance to select high- and low-precision elements
by channel. During inference, we separate the computation tasks to two parts by masks. The lower-
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precision part brings extra throughput benefits. In early experiments, we find that generating static
activation masks based solely on the absolute values of activations (I; = |A;|,j € [1, K]) leads to
significant performance degradation. This is reasonable since we cannot approximate the dot prod-
uct A - W by activations only. To this end, we redefine the importance score by considering the
per-channel average magnitude of A - W.

Specifically, we first collect per-channel average activations A; for each input channel j over a
calibration set. Given a smoothed weight matrix W', the importance score I; for channel j is
Ij = |A; - >, W] .|. We then generate mask according to I, selecting the top (1 — s) fraction
channels within each bank. Furthermore, as part of the PTQ process, the columns of the weight
matrices can be reordered according to I. This alignment can improve data locality for hardware
kernels. The detailed procedure is described in Algorithm 2]

The additional storage overhead for static mask is negligible due to its per-channel nature. For
instance, the mask size for Llama-3-70B is only 5.94 MB.

Algorithm 1 SQ-format on Weights Algorithm 2 SQ-format on Activations (Static)
1: Input: Weight W € RE*N | calibration 1: Input: Weight W € RE*N calibration
dataset D, sparsity s, bank size b, high- dataset D, sparsity s, bank size b, high-
precision Apign, low-precision Aoy . precision Apigh, low-precision Ry .
2: W/ H <« Smooth(W,D 2: W', A < Smooth(W, D)

3: I+ (W')?/(diag(H™1)) _
3: for each bank w of W', a of A do

4: for each bank w of W' do 4 I+ |A;- >, W) ,|,Vj € bank
5: Generate Precision Mask my, 5: Generate Precision Mask my,
> Select top (1 — s) elements by I, > Select top (1 — s) elements by I;
6: (Whigh» Shign) < Quant(w’ © my,) 6: (w',8) < Quant(w, Anigh, Miow)
7: (Wiows Slow) — Quant(w'® ~ my,) 7: end for
8: end for 8: Reorder rows of W’ based on mask m.
9: Generate (Whigh, Wiow, Shigh7 S]OW). 9: Generate (unanh Squanta m)
2.3 HARDWARE DESIGN
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(a) SQ-format for weights. (b) Static SQ-format for activations.

Figure 2: Hardware implementation for applying SQ-format on weights and activations.

Native support for SQ-format requires dedicated hardware accelerators to fully leverage its advan-
tages in improving accuracy and throughput. The core challenges are: (1) when applying SQ-format
on weights, we need to process the compactly stored high-precision parts efficiently; and (2) when
using dynamic SQ-format on activations, we need a pipelined unit to dynamically compute the high-
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precision masks. These hardware units can function as dedicated accelerators (e.g. gather, scatter,
etc) within AI chips, working in conjunction with standard tensor cores.

As illustrated in Figure [2a] we present the computation path for applying SQ-format on weights
with dedicated hardware support, where high and low-precision computations are split into two
parallel paths. The low-precision part can be directly processed by tensor cores with dense matrix
multiplication. The high-precision part, however, requires detecting the v, values in the low-
precision part to gather corresponding elements from the activation tiles before sending them to
tensor cores. The advantage is that since the high-precision part can be over 8x sparse, the latency
of this parallel path will be completely hidden by the low-precision computation.

As illustrated in Figure we demonstrate the com-
putation path for applying static SQ-format on activa-
tions on GPUs. It relies on pre-computed activation
masks to divide the entire computation into two paths
with different precisions. Since the PTQ process has |
already reordered the banks of weight matrices, we |
only need selection and gathering operations for the 71
activation tiles. Although the high- and low-precision

computation streams are executed serially, the overall 61 p=035
throughput increases because a significant portion of
the computation (can up to 3/4) is converted to low- 3]

Throughput (10e4 GFLOP/s)
__—X[W4A4

%
9 x___..x-_)(__x_,——x

§=10.9375

VSO SR 3 - ——X[W8A8
precision. We implemented the kernel for comput- =%
ing static SQ-format on activations with CUTLASS * e A AL
library on GPUs to demonstrate its practicality. As Matrix Dimension K (M=N=K)

shown in Figure 3] our implementation achieves higher

throughput than W8AS8. A larger sparsity leads to Figure 3: Throughput of static SQ-format

greater throughput, bringing the performance progres- o activations from s = 0.5 (2x sparse) to
sively closer to the theoretical ceiling of W4A4. 0.9375 (16x sparse).

Dynamic strategy for SQ-format on activations re-
quires additional hardware support, as shown in Fig-
ure E} When implemented on GPUs, we need to use
CUDA cores to compute the high-precision mask for N —

the entire activation tensor. However, an additional :

pipelined hardware unit could ensure that the mask for | H 1 ey ey Chmme
each bank is computed and ready before tensor cores Yt ;
execute it, thereby achieving throughput performance
comparable to the static strategy.

TopK + Gather

To validate the hardware feasibility, we implement the To Tensor COTCS 4 1
proposed unit in RTL and synthesized it using the

TSMC 12nm process library. We compare it against
a standard integer MAC array under 12-bit I/O. Even
accounting for the additional gather unit requires for
dynamic masking, the overall silicon area is reduced
by 35.8% compared to the baseline. Detailed synthe-
sis results are provided in Appendix [C|

Figure 4: Dedicated hardware supporting
dynamic activation SQ-format.

3 EXPERIMENTS & FINDINGS

To validate the effectiveness of SQ-format and to investigate why it is effective, we conduct extensive
experiments on different LLMs, including dense models and MoE models.

3.1 EXPERIMENTAL SETUPS

Models and Benchmarks. Our quantized models include: Llama-3-8B, Llama-3-70B (Team)
2024), Qwen3-30B-A3B (Team) 2025). We compare normalized accuracy on six non-generative
datasets: ARC-easy, ARC-challenge (Clark et al.l 2018)), OpenBookQA (Mihaylov et al., |2018),
Hellaswag (Zellers et al., 2019), Winogrande (Sakaguchi et al., [2020), and PIQA (Bisk et al.,
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2020); two generative datasets: GSM8k (Cobbe et al., 2021)) and AGIEval (Zhong et al.| 2024b),
as well as perplexity on Wikitext (Merity et al., [2017) and Lambada (Paperno et al., [2016) with
Im-evaluation (Gao et al.l 2024). GSMS8k is evaluated in 8-shot setting while others are zero-shot.

Notation. We conduct the experiments with integer format to validate the effectiveness. The config-
uration of SQ-format is denoted as B — (hhigh /hiow) — 8, where B is the bank size. The configuration
based on Algorithm [T]is denoted as W(SQz)Ay, where W uses SQ-format with an equivalent of
bits and A uses INTy quantization. The equivalent bit number is z = (1 — s)Rnigh + hiow. Similarly,
the configuration based on SQ-format on activations (dynamic and static strategy based on Algo-
rithm is denoted as Wz A(SQy). The equivalent bit number is y = (1 — s)hnigh + Shiow. The static
strategy also includes an additional 1-bit per-channel mask, while it is negligible for y.

Baselines. As a unified sparse-quantized data format, we have chosen post-training sparse baselines:
SpQR (Dettmers et al., [2024) and SparseGPT (Frantar & Alistarhl [2023). For PTQ algorithms,
we compare with two accuracy levels of W4A8 and W4A4, and compare with three baselines:
GPTQ (Frantar et al., [2022a)), SmoothQuant (Xiao et al., 2023)), and SpinQuant (Liu et al., 2025).

For all experiments, our calibration set consists of 32 randomly sampled text segments from Wiki-
text, each with a length of 2048 tokens. We present B — (8/4) — s implementation that runs on mod-
ern GPUs. In Section 4| and Appendix we provide more results including (8/3), (8/2), (4/2)
settings. We conducted experiments on different bank sizes (4, 8, 16, 32, 64 and 128) and sparsity
(0.5, 0.75, 0.875, and 0.9375) grids. We select the best from the grid search results, while complete
results will be provided in Appendix [A.T] To demonstrate the applicability of SQ-format on other
data types, we also show the results of applying SQ-format on DeepSeek-R1 weights with FP8/FP4
quantization and 4x sparsity in Appendix [B]

3.2 FINDING 1: SQ-FORMAT ACHIEVES ACCURACY-THROUGHPUT PARETO IMPROVEMENT

We obtain insights about the Pareto improvement between accuracy and throughput caused by the
SQ-format from two sets of comparisons. The benchmarking results are shown in Table

W4AS8 vs. W4A(SQ). GPUs cannot efficiently compute W4AS8 algorithms; in fact, it will fallback
to W8AS execution path. However, SQ-format separates A4 and A8 computations, transforming
most of the original computing tasks into W4A4 computations, significantly improving throughput.
For performance, W4A(SQ6) and W4A(SQ5) achieve average accuracy and perplexity on par with
GPTQ on Llama-3 models, while on Qwen-3, the average benchmark accuracy improves by 3.87%
and achieves a better perplexity.

We illustrate the Pareto frontier in Figure[5} The x-axis represents the speedup derived from end-to-
end prefilling latency measurements using SQ-format with the static activation strategy. As shown,
SQ-format effectively bridges the gap between the high-precision W4A8 and the high-efficiency
W4A4. Notably, for larger models like Llama-3-70B, SQ-format achieves a speedup of 1.71x,
capturing ~89% of the theoretical W4A4 acceleration while maintaining higher model performance.
Detailed latency and bandwidth results are provided in Appendix

Llama-3-8B Llama-3-70B
i 65 {0
b3 b3
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~ — ~
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= . E o
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Figure 5: Accuracy-Speed Pareto frontier on Llama-3 models.
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Table 1: Performance comparison of quantization methods. For each comparison set, Red bold val-
ues highlight the best performance, and Black bold values highlight the second best performance.
In this table, Wz A(SQy) results are using dynamic settings simulated on GPUs.

Non-generative Acc (%) Generative Acc (%) Perplexity
Model Method  Setting ARC.c ARCe PIQA Hellas. Wino. OBQA GSM8k AGIEval Wiki. Lamb.
Q) () ()] ()] Q) Q) Q) ()] () )
BF16 WI6AL6 5341 7774 8085 7921 7340 4500 4943 33.68 726 3.09
SpQR W4AL16 5213 7681 79.87 78.84 7340 4520  45.79 3278 755 322
SparseGPT ~ W16A16 3174 5896 68.88 53.69 63.38 3380  2.05 2560 1825 9.8
GPTQ W4AS 5315 7832 7986 77.62 7379 4440  40.86 32.88 798 341
SmoothQuant  W4A8 3720 5997 7263 6749 6756 3740  5.07 2571 1651  5.87
. SpinQuant  W4A8 5178 7508 80.20 7771  74.19 4440  43.06 252 781 338
Llama-3 SQformat WAAGQE) 5213 7744 7987 7805 7348 4520 4026 3235 797 347
8B ormal W4A(SQS) 5196 77.15 7943 77.68 7427 4440  40.94 3235 802 3.0
GPTQ W4A4 4692 7150 77.63 7524 7111 4300  28.58 30.46 913 427
SmoothQuant  W4A4 2423 2680 5190 27.08 5090 2500 0.0 2472 >100 > 100
SpinQuant  W4A4 4795 7466 7753 7528 69.53 41.60  32.90 3114 908  4.11

W(SQ6)A4 4940 7542 7938 7775 7174  44.00 39.58 31.91 8.01 3.42
SQ-format  W(SQ5)A4 47.44 7315 7671 76.03  69.06  42.20 33.36 30.36 8.85 391
W(SQ4.5)A4  47.61 7201 7824 7539 69.22 44.20 34.12 30.61 9.00 3.97

BF16 W16A16 6451 8611 8439 8496 80.19 4840  81.05 45.67 292 258
SpQR W4A16 6399 8519 8439 8505 79.87 4880  79.38 44.63 320 265

SparseGPT ~ W16A16 4872 7445 7764 7069 7482 41.00 3131 29.91 986  3.07

GPTQ W4AS 6254 84.13 8356 8432 8042 4820 7831 45.00 348 261

SmoothQuant  W4A8 2440 4242 6436 6486 57.06 3340 0.5 29.30 841 23.83

. SpinQuant  W4A8 6203  86.32  84.66 8425 81.06 49.00  79.38 4216 373 272

Llama-3 SQformar WAAGQE) 6280 8481 8406 8444 8019 4800 7832 44.68 331 265
70B W4A(SQ5) 61.95 8451 83.73 84.14 80.90 47.80  79.23 44.67 345 267
GPTQ W4A4 59.80  81.64 83.07 83.11 7750 4640  74.82 40.60 458 298

SmoothQuant  W4A4 2521 2500 5021 2643 5130 2630  0.00 2442 >100 > 100

SpinQuant  W4A4 3797 6246 7367 6562 61.64 4140 197 26.27 1526 1507

W(SQ6)A4 61.01 83.12 83.03 84.10 78.77 46.40 78.62 41.84 3.79 2.66
SQ-format W(SQ5)A4 5998 83.08 81.88 8315 77.82 49.40 75.82 41.47 4.49 2.69
W(SQ4.5)A4  59.64 81.99 8275 83.08 7743 4740 75.59 39.89 4.67 2.73

BF16 W16A16 5580  79.17 8058 77.65 70.88 4580  90.45 63.05 1089 412

GPTQ W4A8 5273 7773 7937 7675 68.66 4420  82.69 6020 1121 449

_SmoothQuant  W4A8 4035 57.95 7198 5891 6022 3800  59.21 3582 2642 27.19

Qwen3  goformar  WAAGSQO) 5538 7921 7954 7660 7056 4480 8878 6133  1L11 447
30B-A3B ormal W4A(SQS) 5546 7875  80.25 7628 7024 4420  89.84 61.31 1.10 451
GPTQ W4A4 4948 7588 7850 7477 6771 4320  65.39 5285 1181 5.6

SmoothQuant  W4A4 2320 2929 5342 2835 5146 2820  0.00 2595  >100 > 100

SQ-format  W(SQ6)A4 5375 7622 78.02 75.58 70.64 44.40 88.17 56.57 1143 4.86

W4A4 vs. W(SQ)AA4. By introducing sparse high-precision elements, the accuracy of W4A4 quan-
tization can be economically improved. From 16x to 4x sparse, the average accuracy improvement
ranges from 0.11% to 3.54%. Among them, 4x sparse setting W(SQ6)A4 achieves accuracy close to
WA4AS. It also allows true benefits to be realized on hardware without the need for dedicated INT6
tensor cores, which costs much more than SQ-format. SQ-format has stability advantages on larger
models (Llama-3-70B and Qwen-3-30B) and more obvious improvements in generative accuracies.
Since the W(SQ)A4 configuration requires dedicated hardware support as shown in Figure 2a] we
currently use GPU simulation while do not provide latency comparison.

3.3 FINDING 2: SQ-FORMAT SUPPORTS STATIC ACTIVATION QUANTIZATION

The dynamic nature of applying SQ-format to activations on GPUs requires using TopK operations
on CUDA cores, which impacts actual throughput without dedicated accelerators. Fortunately, the
static strategy can achieve similar performance. We compare the dynamic and static strategies, and
the benchmarking results are shown in Table 2]

Comparing the dynamic and static strategy results under different models and configurations, we
find static strategy can successfully retain most of the performance. The average benchmark accu-
racy varies within £1%. In fact, the dynamic strategy still relys solely on the absolute activations.
Although the static strategy is only trained on the calibration set, considering the activation-weight
product may compensate for this. In Appendix [A.T} we will also show that the static strategy is not
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Table 2: Performance comparison of dynamic v.s. static SQ-format on activations. For each setting,
Red bold values highlight the best performance for static strategy, and Black bold values highlight
the best performance for dynamic strategy.

Non-generative Acc (%) Generative Acc (%) Perplexity
Model Setting  Static b \Rc T ARC.e PIQA Hellas. Wino. OBQA GSM8k AGIEval Wiki. Lamb.
1) ) ) ) ) ) ) ) () [©)
BF16 - - 64.51 86.11 8439 8496 80.19 48.40 81.05 45.67 291 2.58

16 63.73 8451 8389 8442 80.03 48.20 78.77 44.07 343 2.64
v 32 6237 83.67 8346 8406 79.63 47.40 77.93 43.86 3.57 2.67

WAA(SQE) oot D200 O DT 9210 O 20 O RS AU S SO SR
b-(8/4)-0.5 16 6280 84.81 84.06 84.44 80.19 4800 7832 4468 331 265
- 32 6271 8439 8400 8432 8027 48.60  78.09 4497 339 2,65

U%né*'3 64 6280 83.88 83.62 8434 7979 4860  77.71 4499 348 262
16 6237 8392 8324 8420 7995 4800  77.78 4362 355 267

V32 6177 83.88 8340 8406 79.79 46.60  77.86 4392 375 270
WAASQS) 64 6151 8404 83.18 8399 7892 4840 7649 43.10 399 2.67
b-(8/4)-0.75 16 62.88 8447 8379 8446 7979 4820  79.15 4401 335 266
- 32 6195 8451 8373 84.14 8090 47.80  79.23 4467 344 266

64  62.63 83.84 8357 8425 8027 4800  77.48 44.68 354 2.62

BF16 - - 5580  79.17 80.58 77.65 70.88 4580  90.45 6305 1088 4.11

16 5546 78.62 80.14 76.66 7159 4580  88.10 60.06 1115 434

V32 5418 7845 7943 7646 68.82 4340  89.01 59.83 1134 437
WAA(SQ6) 64 5333 7744 7971 7646 6859 4520 8749 5838 1131 460
b-(8/4)-0.5 16 5538 7921 79.54 7660 7056 44.80  88.78 6133 1111 447
. 32 5563 7849 79.87 7643 69.61 4560  $9.39 6055 1115 439

3‘3‘;%% 64 5282 7664 79.05 7673 69.14 4520  88.55 6078 1122 421
16 5469 7744 79.16 7652 7040 4540  88.40 59.65 1121 442

V32 5520  78.66 7922 7618 69.14 4260  8$8.48 5798 1142 452
WAA(SQS) ! 64 5290 7639 7867 7579 6764 4400 8810 5739 1141 466
b-(8/4)-0.75 16 5546 7875 8025 7628 7024 4420  89.84 6131 1110  4.50

particularly dependent on large calibration set size. The grid experiments we conduct on different
calibration set sizes show a relatively stable accuracy trend.

4 HARDWARE-ALGORITHM CO-DESIGN & DESIGN EXPLORATION

As a format requires dedicated hardware support to achieve most theoretical benefits, SQ-format will
benefit from hardware-algorithm co-design. This section discusses how various parameters operate
in PTQ process and suggests best practices for hardware implementation based on simulation results.

T 2%

(a) Original activation. (b) Partition results, bank_size = 32. (c) Partition results, bank_size = 4.

Figure 6: Activation partition results from Layer 30 of Llama-3-8B. bank_size = 32 provides more
flexible precision partition than bank_size = 4.

4.1 BANK SIZE & SPARSITY
To facilitate hardware implementation, SQ-format splits the operand matrices into banks, and each

bank performs a fixed sparsity precision partitioning. This is to model the numerical importance
distribution of the original matrix. However, from the algorithm perspective, this requires careful
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setting of bank size and sparsity. We provide a visualization example of static SQ-format on ac-
tivations in Figure[6] The original matrix has unevenly distributed per-channel activations. Under
s = 3/4 (4x sparse), bank_size = 32 can successfully separate most important activations, with the
low-precision parts appearing to be flat; bank_size = 4 is less flexible, and there are still per-channel
outliers in the low-precision part. This resulted in NVIDIA 2:4 semi-structure sparse, implemented
with SparseGPT achieving poor results in Table|[T]

Thigh = INT4, Aoy, = INT2 Thigh = INTS, higy = INT2 Thigh = INTS, Aoy, = INT3 high = INTS, i = INT4
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—&— sparsity = 0.5 —&— sparsity = 0.75 —&— sparsity = 0.875 —&— sparsity = 0.9375

Figure 7: Average benchmark accuracy of using SQ-format on weights under different hyigh, Mow,
bank _size and sparsity on Llama-3-8B. The BF16 baseline result is dashlined in gray.
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Figure 8: Average benchmark accuracy of using SQ-format on activations under different Apign, hiow,
bank_size and sparsity on Llama-3-8B. The BF16 baseline result is dashlined in gray. Dynamic
strategy results are marked with o while static results with x.

We evaluate the performance of different combinations of bank_size and sparsity, as shown in Fig-
ure[7} For using SQ-format on weights, under a fixed sparsity, there exists an optimal bank_size as
it changes. The larger the sparsity, the larger the optimal bank_size. As illustrated in Figure[8] when
using SQ-format on activations, the trend is not as obvious as on weights, showing slow changes.
Empirically, static strategy tends to prefer a smaller bank_size. These results guide the design of
dedicated hardware. To support at least 16x sparsity for weights, the bank_size illustrated in Fig-
ure@ needs to be at least 64, which affects the area of MUXs. As for activations, the dedicated unit
illustraed in Figure ] should support bank_size 64 or lower.

4.2 HIGH/Low PRECISION CHOICE & SPARSITY

In Figures and we show results of other hnign, hiow configurations including (4/2), (8/2), (8/3).

SQ-format support for lower precisions. For hj,, = INT2, SQ-format on weights can hardly
maintain accuracy, and only with the B — (8/2) — 0.5 setting can achieve usable performance.
This results from insufficient width of low-precision bits, even introducing high-precision elements
is difficult to compensate for the loss. Dynamic strategy for SQ-format on activations is better
than that for weights, and it supports up to 4x sparsity. For hj,, = INT3 and using SQ-format on
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weights, (8/3) setting shows similar performance trends to (8/4). There is an opportunity to achieve
a tradeoff between storage and performance.

Computation balance for sparsity. Sparsity is restricted by (Rnign/hiow) configuration, which is
due to differences in tensor core computational power. For example, using SQ-format on weights,
we hope that the computation of the sparse high-precision part can be masked by the low-precision
part. Assuming the hardware’s computational power for W8AS is four times that of W4A4, the
sparsity needs to be at least 0.75. Therefore, the W(SQz)Ay results shown in Table [T] are at least
4x sparsity. When the high-precision remains unchanged, using a lower low-precision such as INT2
would require an even higher minimum sparsity.

5 RELATED WORKS

Post-Training Quantization converts the weights and/or activations of a model to low-precision
data types after the model has completed full-precision pre-training. GPTQ (Frantar et al., [2022a)
quantize the weights column by column, successfully compressing OPT-175B to 4 bits. AWQ (Lin
et al.,[2023) and Wanda (Sun et al., 2024) consider the interaction with activations when quantizing
weights. SpQR (Dettmers et al.l [2024) and QUIK (Ashkboos et al., 2023) isolate outliers, but
they often face hardware efficiency challenges due to their reliance on unstructured or irregular
patterns. SmoothQuant (Xiao et al.,[2023)) is a joint quantization method for weights and activations,
which achieves W8AS8 PTQ by transferring the difficulty of activating quantization to the weights.
SparseGPT (Frantar & Alistarhl [2023)) formulates pruning as a series of layer-wise sparse regression
problems, which can prune OPT-175B by >50% without significantly sacrificing performance.

Data Representations for Quantization. Quantization methods are supported by different data
formats. Standard INT8 format (Dettmers et al., [2022) benefits from extensive hardware support
and high computing throughput. FP8 format (Micikevicius et al., |2022) provides a wider dynamic
range to capture activation outliers. NVFP4 (Alvarez et al.,2025) uses microblock scaling to achieve
extreme 4-bit compression with NVIDIA Blackwell hardware. MX formats (Rouhani et al., [2023)
adapt to the local data range through shared scaling. HiFloat8 (Luo et al., [2024)) features tapered
precision and better balances precision and dynamic range. Current formats apply a single precision
scheme to all values, which creates a fundamental conflict representing non-uniform information.

6 CONCLUSION

We propose SQ-format, a novel data format enabling hybrid-precision computation. By sparsely
mixing high-precision elements in a hardware-friendly manner during low-precision computation,
SQ-format successfully achieves a Pareto improvement between precision and throughput. We also
proposes a static activation quantization algorithm, effectively showing its potential for hardware
deployment. We not only provides a practical solution for accelerating LLMs on current hardware
but also offers a promising blueprint for the co-design of next-generation Al accelerators.
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A COMPLETE EXPERIMENT RESULTS
A.1 COMPLETE RESULTS FOR PERFORMANCE COMPARISON

Table 3: Performance comparison of dynamic v.s. static SQ-format on activations. The quantized
model is Llama-2-7B.

Non-generative Acc (%) Generative Acc (%) Perplexity
Model  Setting  Static  Sparsity  y  Jpc . ARC-e PIQA Hellss. Wino. OBQA GSMSk AGIEval Wiki. Lamb.
(@] () ()] () ()] () (@] () o) o)

W4AS ; 0 8 4488 7492 7878 7558 6898 4440 1456 2842 893  3.54
05 6 4488 7483 7878 7548 68.82 4420 1387 2877 894 354

075 5 4480 7462 7894 7562 6875 43.60 1296 2858 896  3.56

0875 45 4488 7458 7873 7539 69.06 43.80 13.19 2880 899  3.58

W4A(SQy) 09375 425 4445 7386 7889 7511 6796 45 1410 2904 903 356
16-(8/4) 05 6 4471 7416 7894 7540 69.14 4480  12.05 2852 899 355
; 075 5 4462 7433 7807 7521 6875 4400 1228 2837 905  3.60

0875 45 4462 7391 7829 7513 68.82 4440 1236 2822 9.0 3.64

09375 425 4377 7332 7829 7496 6772 4280 13.12 2823  9.12  3.63

05 55 4497 7475 7900 7548 6938 4420 1425 2859 897  3.56

075 425 4411 7386 7802 7518 67.64 4440 1251 2896  9.08 3.62

0875  3.625 4386 7336 78.18 7485 6851 4320 1221 2836 928 375

Llama2 W4A(SQy) 09375 33125 4189 7226 7807 7398 6827 4220 1084 2799 950 384
7B 16-(8/3) 0.5 55 4411 7378 7175 7488 6669 4380  12.13 2840 925  3.69
y 075 425 4283 7193 7758 7391 6598 4180 1077 2837 959 391

0875  3.625 43.09 70.66 7748 73.12 6654 4000 1039 2800  9.83  4.05

09375 33125 4275 7151 7769 7322 6535 40.60  9.02 2718 999 408

05 5 4369 7416 7894 7481 68.19 4380 13.04 2891 9.2 3.6l

075 35 4181 7088 7737 7326 6496 4200 1008 2793 985  3.96

0875 275 3848 67.09 7601 7058 64.09 3820  5.84 2743 1130 488

W4A(SQy) 09375 2375 3592 6212 7367 6614 5912 3640  2.73 2623 1375 656
16-(812) 05 5 3575 6397 7394 6668 6369 37.80 622 2704 1236 457
, 075 35 3106 5438 6921 5607 5777 3400  2.20 2579 1907 8.68

0875 275 2901 4891 6561 4971 5572 3160 174 2516 2745 1591
09375 2375 2773 4541 6376 4613 5320 3180  1.97 2547 3687 31.20

] 05 3 4326 7378 7845 7429 67.88 4260 1198 2845 926  3.65

W4A(SQy) 075 25 4343 7109 7661 7266 6551 4000 1084 2726 993 400
16-(412) 05 3 3686 6225 7465 6631 6393 3740  4.62 2662 1258 474
075 25 3046 53.66 6855 56 5841 3420 227 2576 1921 9.1

Table 4: Performance comparison of quantization settings. The quantized model is Llama-3-8B.

Non-generative Acc (%) Generative Acc (%) Perplexity

Model  Setting  Static b R ARC-e PIQA Hellas. Wino. OBQA GSM8k  AGIEval Wik, Lamb.
() (@) ™M () () (D) M (@) (@3] )
WI6A16 C - 5341 7774 8085 7921 7340 4500 4943 33.68 726  3.09
WSQ8)AL 16 5179 77.19 8003 7823 7285 4460 4268 3276 775 334
om0 - 32 SUSL 7727 7867 777 7096 4460 4193 3149 794 340
: 64 4898 7370 77.53 7723 7119 4240 3927 3158 823  3.60
WSQOYAd 16 4770 7626 79.16 7674 7238 4380 3616 3166 834 3.62
ons - 32 4940 7542 7938 7775 TL74 4400 3958 3191 801 34
: 64 4753 7348 7807 7706 7127 4480 3783 3102 832  3.59
WSQEAS 16 5265 7753 8085 79.10 7293 4580 4860 3384 731 3.3
b(oy0s - 32 5256 7748 8085 7920 7301 4440 4814 3343 728 310

64 5341 78.07 80.79  79.19 73.09 44.80 48.29 33.93 7.29 3.09

W(SQ6)AS 16 5094 7677 80.69 7799 73.01 4540  40.11 3224 787 338
Llama-3 b®M4-075 T 32 B84 7715 8096 7905 7277 4440 4701 3354 737 312
8B : 64 5290 7774 80.03 7923 7190 4440 4587 3354 735 3.2

16 49.83 7525 80.14 78.03 73.16  46.80 40.49 32.93 7.83 3.36
v 32 5034 7572 7976 7793 7285 44.80 40.41 32.12 7.99 3.34

WAASQE) oot 2070 D 2 IO RS RSB et LN Bs o %de 2
b-(8/4)-0.5 16  50.00 75.67 80.09 7833 73.48  45.00 39.35 32.87 7.74 3.36

WAA(SQS) oot 20D LSS a e SN Do I R e N DO 82
b-(8/4)-0.75 16 4974 7584 79.43 78.04 73.16 4520 39.95 32.75 779 339
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Table 5: Performance comparison of quantization settings. The quantized model is Llama-3-70B.

Non-generative Acc (%) Generative Acc (%) Perplexity
Model ~ Setting  Static b spc . ARC.e PIQA Hellas. Wino. OBQA GSMSk AGIEval Wiki. Lamb.
(M) Q) ) (M) Q) ) ) ) ) (O]
WI16A16 - - 64.51 86.11 84.39 8496 80.19 4840 81.05 45.67 2.92 2.58

16 61.26 83.50 83.68 84.20 79.87 47.40 79.61 42.56 3.68 2.69

‘;‘fggf_)o“;‘ - 32 6135 8338 8341 8368 7877 4760 7156 4283 389 270

: 64 5964 8173 8259 8351 7719 4700 7566 4071 423 282

o 16 2637 2500 5131 2684 5620 2980 000 2442 >100 > 100
Neaass - 2 6101 812 8303 8410 7877 4640 T8E2 418 379 266

-(8/4)-0. 64 6041 8186 8324 8398 7735 4820 7491 4138 407 270
—— 16 6433 8594 8443 8479 80.18 4860 7998 4528 295  2.58
oS - 32 6459 8590 8438 848 8052 4900 8043 4546 293 259

: 64 6441 8581 8449 8483 8082 4800  80.59 4547 293 258

Llama3 oA 16 6339 8505 8380 83904 8003 4800 7937 4305 342  2.68
B N eaas - 32 6424 858 8427 8485 8042 4880 081 4594 299 258
: 64 6365 8623 8411 8496 8018 4840 7998 4608 298 259

16 6373 8451 8380 8442 8003 4820 7877 4351 343 267

v 3% 6237 8367 8346 8406 79.63 4740 7793 4386 358 267

WAA(SQE) o 64 6356 8354 83.13 8435 80.26 4760 7824 4407 375 264

b-(8/4)-0.5 16 6280 8481 8406 8444 80.19 48.00 78.32 44.68 3.31 2.65

WAA(SQS) oot 20007 0200 92 27 1% e B A o A ke SRR et
b-(8/4)-0.75 16 62.88 8447 83779 8446 79.79 48.20 79.15 44.01 3.36 2.66

Table 6: Performance comparison of quantization settings. The quantized model is Qwen3-30B-
A3B.

Non-generative Acc (%) Generative Acc (%) Perplexity
Model Setting  Static b A\Rc T ARC-e PIQA Hellas. Wino. OBQA GSM8k AGIEval Wiki. Lamb.
(@) (D) () () () () M () (D] (@h]
WI6AL6 - - 5580 79.17 8058 7765 7088 4580 9045 6305 1089 4.12

16 5444 7694 7938 7620 69.06 43.60 89.23 58.84 11.14 435

\IZE;/?&?-)OA; -3 5230 7597 7900 7592 6930 4220 8779 5738 1135 459

: 64 5375 7597 7938 7572 6740 4200 8734 5495 1157 511

S 16 5538 7778 7922 7503 6851 4300 523 5223 1790 598
Nas - 32 AL TIIS 7938 7582 6843 4340 8779 5687 1125 445

: 64 5375 7622 7802 7558 70.64 4440 8817 5657 1143 486

WS0HAS 16 5555 7795 8009 7670 6985 4260 8976 6174  11.01 429

Mo 0s - 32 580 7904 8079 7687 61 4400 8939 6137 1109 430

: 64 5427 7774 8003 7704 69.69 4420 8817  60.63 1098 425

WS0OAS 16 5503 7841 7916 7580 69.69 4340 5800 5751 1417 457

Quen3  WOROMS . 32 5555 7870 7971 7712 LI 4320 8901 6L62 1108 423
30B-A3B : 64 5495 7845 7987 77.00 70.17 4340  88.32 6232 11.00 4.1
16 5546 7862 8014 7666 7159 4580 8810 6006 1116 435

V32 5418 7845 7943 7646 6882 4340  89.01 5983 1135 438

WAA(SQE) - oren! 64 5333 7744 7971 7646 6859 4520 8749 58.38 11.31 461

b-(8/4)-0.5 16 5538 7921 7954 76.60 70.56  44.80 88.78 61.33 11.11 447

WAA(SQS) DT 27 oD S OF VY ee v 2 ala
b-(8/4)-0.75 16 5546 78.75 80.25 7628 70.24  44.20 89.84 61.31 11.10  4.51

A.2 IMPACT CALIBRATE SET SIZE

For static strategy for SQ-format on activations, it is worth noting whether a small amount of cal-
ibration sets can make the precision masks have enough generalization. To this end, we conduct
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experiments with different calibration set sizes, as shown in Table[7} The conclusion shows that the
performance is relatively stable when using different calibration set sizes, indicating that the outlier
distribution of the activations can be easily modeled.

Table 7: Performance comparison of calibration sizes.

Calib. Non-generative Acc (%) Generative Acc (%) Perplexity

Model Setting g6 ARCc ARC-c PIQA Hellas. Wino. OBQA GSMS8k AGIEval Wiki. Lamb.
(@) ™M Q) Q) () Q) Q) () (@h] (€h]

WI16A16 - 53.41 7774  80.85 79.21 7340  45.00 49.43 33.68 7.25 3.09

8 5239 7824 80.03 77.60 73.40 45.60 39.50 32.80 7.84 3.32

16 50.09 7622 8020 78.10 7324 4520 39.50 31.98 7.83 3.38

Llama-3 32 4983 7525 80.14 78.03 73.16 46.80 40.49 32.93 7.82 3.35
8B W4A(SQ6) 64 5034 7626 79.87 7798 72.14  45.00 40.71 32.74 7.84 3.35
16-(8/4)-0.5 128 4983 7626 7933 7776 7324  45.60 39.35 32.35 7.82 3.27

256 5222 7681 79.60 7743  73.01 46.00 41.32 33.03 7.82 3.28

512 51.88  77.69 80.09 7794 73.64 45.00 40.94 32.54 7.83 3.21

B FP QUANTIZATION RESULTS

To demonstrate the effectiveness of SQ-format on floating point, we also conduct experiments on
DeepSeek-R1 (685B) with FP8/FP4 quantization. We apply SQ-format on weights (bank_size = 64,
sparsity = 0.875) and keep activations in FP8, achieving an effective bit-width of 5 bits. As shown
in Table[8] SQ-format demonstrates strong scalability on massive models, maintaining near-lossless
performance compared to the BF16 baseline across both generative and non-generative benchmarks.

Table 8: Performance of SQ-format on DeepSeek-R1.

Non-generative Acc (%) Generative Acc (%) Perplexity

Model Setting  Sparsity Ao ARC-e PIQA Hellas. Wino. OBQA GSM8k AGIEval Wiki. Lamb.
() () (@) (@) () () () Q)] ) (€3]

WI16A16 0 6442 8552 8498 8743 7995 4847 9583 7022 333 1267

DeepSeek-R1
W(SQ5)A8 0.875 63.99 8552 8531 87.19 7945 46.67 96.21 69.58 339 1277

C HARDWARE SYNTHESIS ANALYSIS

To assess the hardware overhead of the dynamic mask handling in SQ-format, we conduct RTL
synthesis experiments. We implement the SQ-format unit designed for 4x sparse weights and INT8
activations. For a fair comparison, we select a standard INT6 MAC array as the baseline.

Table[9 presents the normalized area breakdown. This result validates that SQ-format is a physically
efficient design capable of increasing compute density for next-generation Al accelerators.

Table 9: Area synthesis comparison normalized by adder area.

Component SQ-format (Ours) Standard INT6 MAC
Multiplier 0.42 2.23

Adder 0.24 1.00
Accumulator 0.21 0.002
Low-bit Multiplier 0.42 -

Gather Unit 0.783 -

Total Area 2.073 3.232

D END-TO-END LATENCY ANALYSIS

We profile the end-to-end prefilling latency and effective memory bandwidth of SQ-format with
static activation strategy on GPUs. The profiling is conducted using the WikiText dataset.
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As shown in Table[I0] SQ-format significantly outperforms the W4A8 baseline, effectively bridging
the gap towards the theoretical W4 A4 performance limit while maintaining accuracy.

Table 10: End-to-end prefilling latency and effective bandwidth on GPUs. Setup: bank_size = 64.

Model Method Sparsity Time  Effective BW (GB/s) Speedup
W4AS8 - 48s 34.69 1.00x
SQ-format 0.5 45s 35.75 1.07x

Llama-3-8B SQ-format 0.75 42s 36.90 1.14x
SQ-format 0.875 41s 38.19 1.17 x
W4A4 - 38s 40.61 1.26x
W4A8 - 10m 8s 10.84 1.00x
SQ-format 0.5 Tm 42s 14.27 1.32x

Llama-3-70B  SQ-format 0.75 6m 29s 16.94 1.56x
SQ-format 0.875 Sm 55s 18.54 1.71x
W4A4 - 5m 16s 20.86 1.92x

E REPRODUCTION STATEMENT

To facilitate future research and ensure the reproducibility of our results, we commit to releasing our
PTQ framework, including the source code and the kernels for the static SQ-format on GPUs upon
the acceptance of this paper.

Discussion on Baseline Re-evaluation. In our experiments, we re-evaluate all baseline methods
within a unified environment rather than directly citing numbers from their original papers. This
decision is driven by two primary factors: (1) Model and Benchmark Coverage: Many prior PTQ
studies conduct evaluations on older models (e.g., OPT, Llama). As shown in our main results,
generative tasks (e.g., GSM8k, AGIEval) are often more sensitive to quantization than standard per-
plexity or non-generative tasks. To validate the robustness of SQ-format, we extend the evaluation
scope to these challenging generative settings on modern LLMs (Llama-3, Qwen3). (2) Unified
Evaluation Environment: To ensure a fair comparison, it is critical to align the calibration sets,
sequence lengths, and evaluation libraries.

We acknowledge that our reproduced results may differ slightly from the values reported in the
original papers. A notable example raised during the review process is the performance of SpinQuant
on OBQA, as illustrated in Table[IT] This discrepancy primarily stem from the metric selection. We
consistently prioritize acc_norm over raw acc where available.

Table 11: Accuracy (%) comparison of SpinQuant (W4AS8) on Llama-3-8B.

Source ARC-e ARC-¢c PIQA HellaSwag WinoGrande OBQA
SpinQuant (Our reproduction)  75.08 51.78 80.20 77.71 74.19 44.40
SpinQuant (Original Paper) 76.50 54.00  79.60 78.10 72.40 56.40

F DISCLOSURE OF LLLM USAGE

We make limited use of LLMs to aid in polishing writing. All ideas, analyses, data interpretations,
and conclusions presented in this paper are our own.
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