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ABSTRACT

Post-training quantization (PTQ) serves as a potent technique to accelerate the
inference of large language models (LLMs). Nonetheless, existing works still
necessitate a considerable number of floating-point (FP) operations during infer-
ence, including additional quantization and de-quantization, as well as non-linear
operators such as RMSNorm and Softmax. This limitation hinders the deployment
of LLMs on the edge and cloud devices. In this paper, we identify the primary
obstacle to integer-only quantization for LLMs lies in the large fluctuation of
activations across channels and tokens in both linear and non-linear operations.
To address this issue, we propose [-LLM, a novel integer-only fully-quantized
PTQ framework tailored for LLMs. Specifically, (1) we develop Fully-Smooth
Block-Reconstruction (FSBR) to aggressively smooth inter-channel variations of
all activations and weights. (2) to alleviate degradation caused by inter-token
variations, we introduce a novel approach called Dynamic Integer-only MatMul
(DI-MatMul). This method enables dynamic quantization in full-integer matrix
multiplication by dynamically quantizing the input and outputs with integer-only
operations. (3) we design DI-ClippedSoftmax, DI-Exp, and DI-Normalization,
which utilize bit shift to execute non-linear operators efficiently while maintaining
accuracy. The experiment shows that our I-LLM achieves comparable accuracy to
the FP baseline and outperforms non-integer quantization methods. For example,
I-LLM can operate at W4A4 with negligible loss of accuracy. To our knowledge,
we are the first to bridge the gap between integer-only quantization and LLM:s.
We’ve published our code on [anonymous.4open.science, aiming to contribute to
the advancement of this field.

1 INTRODUCTION

Large Language Models (LLMs) have paved the way for general artificial intelligence with their
remarkable performance across a wide range of tasks. However, the rising number of parameters and
computing power requirements of LLMs pose significant challenges when it comes to deployment.

Post-training quantization (PTQ) is a powerful technique employed to accelerate the inference process
of LLMs. Previous PTQ methods for LLMs have primarily relied on simulated quantization (aka.
fake quantization) (Xiao et al., [2022; |Shao et al.l 2023} [Wei et al., 2022b; |Yuan et al., [2023a),
where integer values are typically used for inputs/outputs and compute-intensive operations are
performed using dequantized floating-point (FP) values (as shown in FigI). Although this scheme
offers benefits in scenarios where data transmission bandwidth is limited, it does not effectively
reduce computational costs and thus has little effect on compute-bound situations. Besides, non-linear
operations (e.g., Softmax and RMSNorm) often involve complex operations, including transcendental
functions such as exponential functions and square root functions. These functions are typically
performed on dedicated FP units and may require multiple iterations for accurate computation.

In contrast, integer-only quantization (Jacob et al., 2018} Wu et al., [2020; |Qin et al., 2022 |Li & Gul
2023} |Lin et al.| 2022)) utilizes low-precision integer arithmetic for all operations, including linear
operations (e.g., matrix multiplication) and non-linear operations. It enables quantized models to take
full advantage of fast and efficient integer arithmetic units, resulting in promising speedup effects
and reduction of latency and power consumption. Additionally, integer-only quantization facilitates
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Figure 1: Typical LLM quantization vs. I-LLM. Figure 2: PPL# of different PTQ methods on
The former requires dequantization and involves ~LLaMA family using W8AS. Notably, due to
FP arithmetic, while the latter performs the entire  the exceptionally high PPL of I-Bert, a dedicated
inference using integer-only arithmetic. y-axis has been allocated for its representation.

deployment on popular edge processors specifically designed for embedded, mobile, or IoT devices,
which often lack dedicated floating point units. Examples of such edge processors include ARM
Cortex-M (WIKIPEDIA| [2024), GreenWaves GAP-9 (Flamand et al., [2018)), and Google’s Edge
TPU (Google, 2024). Note that Turing Tensor Cores in GPU server-class devices also have introduced
support for integer logical units, offering notably lower latency compared to FP arithmetic.

However, the aforementioned integer-only methods are designed specifically for CNNs or small
Transformer networks (e.g., Bert|Kim et al.|(2021)) and ViT |Dosovitskiy et al.|(2020)), which renders
them inadequate for LLMs. First, they are incapable of straightforwardly supporting the non-linear
operators inherent in LLMs, such as SwiGLU and RMSNorm. Furthermore, their accuracy on
LLMs deteriorates significantly (as depicted in Figure[2)), even when those non-supported operators
are executed in full-precision mode. This is because as the model size increasing, the presence of
activation outliers in both linear and non-linear layers becomes prominent. As illustrated in Fig
Llama2-7B exhibits substantial variations in activation magnitude at both the token and channel
levels, making previous approaches ineffective. Last but not least, these methods are limited to 8-bit
quantization, whereas LLMs would benefit from lower bit-width quantization (e.g., 4-bit) to address
the extensive computational requirements and storage demands. Consequently, how to accurately
perform LLMs with efficient integer-only arithmetic remains an unresolved issue that requires
further investigation.

In this paper, we identify the primary obstacle to —— SmoothQuant
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integer-only quantization for LLMs lies in the large
fluctuation of activations across channels and tokens
in both linear and non-linear operators. To address
this issue, we introduce I-LLLM, a novel integer-only Boolq
PTQ framework tailored for LLMs: (1) We pro-
pose Fully-Smooth Block-Reconstruction (FSBR) to
harmonize the variance in activation across chan-
nels. While Omniquant [Shao et al.| (2023) and
Smoothquant Xiao et al.[(2022) share some similari-
ties, they primarily focus on smoothing the activation  meiaswyg
in serial norm-linear and parallel linear-linear oper-
ations. We argue that mitigating the disparities of all
suitable activation-activation and activation-weight
pairs of LLMs (see Fig[5) significantly enhances ac- Winogrande o
curacy. For instance, the input of SwiGLU encounters The performance of different quantization
numerous disparities on both token-wise and channel- Methods on six zero-shot datasets using the
wise dimensions, as depicted in Figlla. To achieve LLaMA-30B under W4A4 setting.
smoothing on such a non-linear operator, we decom-

pose SiLU into X  (X) to apply FSBR, and as a result the input becomes more consistent and
amenable to quantization, as shown in Fig[d}b. (2) To alleviate the degradation resulting from inter-
token variations, we present a novel approach called Dynamic Integer-only MatMul (DI-MatMul).
DI-MatMul facilitates quantization on full-integer matrix multiplication by employing integer-only
operations to quantize the input and outputs dynamically. Traditional static quantization methods,
which are characterized by their lack of robustness and adaptability, often falter when encountering
input beyond the calibration set. In contrast, DI-MatMul is designed to proactively recognize and
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Figure 3: Differences in activations of the noifrigure 4: The input activation distribution of the
linear operator in LLaMA2 7b model across th8wiGLU before FSBR (a) and after FSBR (b).
channel/token dimensions.

adapt to the diverse range of input data, thereby reducing quantization errors and enhancing overall
model performance. (3) For non-linear operators, we design DI-ClippedSoftmax, DI-Exp, and
DI-Norm, which leverage the ef ciency of bit shifting to replace complex math calculations while
maintaining accuracy. Our contributions are summarized as:

1. We identify the primary obstacle to integer-only quantization for LLMs lies in the large uctuation
of activations across channels and tokens in both linear and non-linear operators. To address
inter-channel variations, we propose FSBR to effectively reduces disparities among all suitable
activation-activation and activation-weight pairs, thereby markedly improving accuracy.

2. We attribute the failure of previous integer-only quantization methods on LLMs to various range
in activation tokens. To tackle this problem, we introduce DI-MatMul, which enables dynamic
quantization on input and output through full-integer matrix multiplication. DI-MatMul proactively
adapts to the range of input, minimizing quantization errors and improving overall performance.

3. We introduce DI-Exp, DI-ClippedSoftmax, and DI-Norm, innovative integer-only operators that
harness the power of bit shifting to replace complex mathematical computations within the
non-linear functions of LLMs, without compromising on accuracy.

4. To the best of our knowledge, this work represents the rst attempt to utilize integer-only quanti-
zation for LLMs, enabling their deployment on edge devices that lack oating-point capabilities.
Experiments demonstrate remarkable accuracy when compared to SOTA non-integer quantization
techniques; for instance, I-LLM on LLAMA-13b achieves an approximate 20% reduction in
perplexity. Additionally, our integer-only algorithm achieves a 2x improvement in computational
performance and a 3.5x reduction in memory usage compared to the full-precision model.

2 RELATED WORK

LLMs Quantization. LLMs quantization can be broadly categorized into weight-only and weight-
activation quantization. To alleviate the computational burdens, some works (Lili|et al.| 2023b;
Frantar et al., 2022; Chee et al., 2023; Lin et al., 2023; Lee et al., 2023; Shang et al., 2023; Kim
et al., 2023; Dettmers et al., 2023) make efforts in weight-only quantization. GPTQ (Frantar et al.,
2022) and QuIP (Chee et al., 2023) achieve high compression rates by optimizing matrix multipli-
cations operation. AWQ (Lin et al., 2023) and OWQ (Lee et al., 2023) demonstrate performance
improvements by accounting for the impact of activation outliers on weight quantization. Moreover,
works such as QLORA (Dettmers et al., 2024), QA-lora (Xu et al., 2023) and LoftQ (Li et al.,
2023b) leverage Parameter Ef cient Fine-Tuning (PEFT) techniques to achieve weight compression
with ne-tuning tasks. Different with weight-only quantization methods, towards to accelerate the
LLMs inference, the weight-activation quantization methods (Wei et al., 2022b; Yuan et al., 2023a,;
Wei et al., 2023; Li et al., 2023a; Yuan et al., 2023b; Yue et al., 2024) quantize both the weights
and activations, including the KV cache. The primary challenge in quantizing activations lies in
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outliers, leading to signi cant quantization errors. To tackle this issue, ZeroQuant (Yao et al., 2022)
proposes a ne-grained hardware-friendly quantization scheme for both weight and activations.
SmoothQuant (Xiao et al., 2022) migrates the quantization dif culty from activations to weights
with a mathematically equivalent transformation (i.e., per-channel scaling). OmniQuant (Shao et al.,
2023) further enhances performance by training the quantization parameters. While these methods
have mitigated the quantization error, their inference pipelines still involve partially FP operations on
non-linear operators such as Softmax, Normalization, and SiLU. In this study, our focus on achieving
Integer-only inference for LLMs model using advanced PTQ (Li et al., 2021; Wei et al., 2022a; Liu

et al., 2023a; Zhou et al., 2024) techniques.

Integer-only Quantization. Current quantization methods for LLMs often involve dequantized

FP operations during inference, limiting the utilization of ef cient low-precision arithmetic units.
Integer-only quantization, eliminating dequantization, enables complete inference using Integer-only
arithmetic, promising enhanced model acceleration. Previous approaches (Jacob et al., 2018; Yao
et al., 2021) leverage dyadic arithmetic for Integer-only pipeline on CNNSs, but these are tailored
for linear operations and are unsuitable for non-linear operations in ViTs. Applying INT arithmetic
solely to linear operations while retaining FP arithmetic for non-linear ones maybe a straightforward
solution, but this demands custom hardware and introduces computational overheads. Advancements
include Fully-8bit (Lin et al., 2021) and I-BERT (Kim et al., 2021), which address non-linear
operations through employs L1 LayerNorm and INT polynomial approximations for the non-linear
operations. However, these methods face inef ciencies or fail to fully exploit hardware advantages.
Based on I-BERT (Kim et al., 2021), FQ-VIT (Lin et al., 2022) extends INT arithmetic to part of the
operations but overlooks signi cant non-linear operations like GELU. While some methods (Stevens
et al., 2021; Zhu et al., 2020) retain FP arithmetic during approximation, they cannot meet the
requirement for Integer-only arithmetic. Recently, I-ViT (Li & Gu, 2023) introduces Integer-only
guantization for VIiTs, yet its suitability for LLMs is questionable due to differing data distributions,
and its computational graph includes partially INT32 precision operations. In this paper, we focus on
Integer-only inference for LLMs, maintaining the entire computational graph at INT8 precision or
lower bit (e.qg., 6/4-bit), enhancing LLMs' inference ef ciency on edge processors.

3 METHOD

Challenges of Integer-Only Quantization for Large Language ModelsPresently, integer-only

LLMs encounter two primary hurdles: (1) quantizing the activation of LLMs, especially those origi-
nating from non-linear operators, poses a formidable challenge. As evidenced in Fig 3, the divergence
in these non-linear activations often surpasses that of linear operators, particularly pronounced in
models such as LLaMA (Touvron et al., 2023a). Previous methods have failed to address these non-
linear activations, and straightforwardly quantizing non-linear layers may lead to substantial accuracy
degradation. (2) prior integer-only quantization techniques have overlooked the distinctive traits
of LLMs, including divergent activation scales and the substantial overhead of loading large-scale
weights. Even the W8A8 method introduced in I-BERT can lead to catastrophic outcomes, as shown
in Fig 2, let alone more aggressive quantization methods like W6A6 or W4A4.

In this section, we introduce a novel integer-only quantization framework termed I-LLM. As illustrated

in Fig 5, this framework incorporates a differentiable approach within the Post-Training Quantization
(PTQ) paradigm, termed Fully-Smooth Block Reconstruction. This method is designed to effectively
balance all feasible parameter pairs, as elaborated in Section 3.2. Furthermore, we advance the
develop of dynamic quantization within the integer-only context by introducing DI-MatMul, a
dynamic integer-only matrix multiplication method, which is elucidated in Section 3.3. Additionally,

we detail integer-only non-linear approximations, including DI-ClippedSoftmax, DI-exp, and DI-
Norm, that are built upon DI-MatMul and are presented in Section 3.4. These operators facilitate
8-bit input activations while minimizing accuracy loss.

3.1 BAsiC MATHEMATICAL NOTATIONS

Matrices are denoted by bold uppercase letters sueh,agectors by bold lowercase letters such
asx. Floating-point and integer numbers are distinguished using the supetsdigptexample,
x! for integers and for oating-point numbers. The notatio® means the quant functiob,c
represents the oor function, arflWledenotes rounding to the nearest integer. The symbiodicates
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