IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 45, NO. 2, FEBRUARY 2026

Oiso: Outlier-Isolated D

929

ata Format for Low-Bit

Large Language Model Quantization

Lancheng Zou™, Shuo Yin"™, Mingjun Li*,

and Bei Yu

Abstract—The scale of large language models (LLMs) has
steadily increased over time, leading to enhanced performance
in multimodal understanding and complex reasoning, but with
significant execution overhead on hardware. Quantization is
a promising approach to reduce computation and memory
overhead for LLM deployment. However, maintaining accuracy
and efficiency simultaneously is challenging due to the presence
of outliers. Moreover, low-bit quantization tends to deteriorate
accuracy due to its limited precision. Existing outlier-aware
quantization/hardware co-design methods split the sparse outliers
from the normal values with dedicated encoding schemes.
However, such separation produces a nonuniform data format
for normal values and outliers, leading to additional hardware
design and inefficient memory access. This article presents an
outlier-isolated data format (Oiso) for low-bit LLM quantization
called Oiso. Oiso is a unified representation for both outliers
and normal values. It isolates the normal values from the
outliers, which can reduce the impact of outliers on the normal
values during the quantization process. Taking advantage of
the uniform format, Oiso arithmetic can be performed using a
homogeneous computational unit, and Oiso values can be stored
in a standardized format. Hierarchical block encoding with a sub-
block alignment scheme is introduced to reduce the encoding cost
and the hardware overhead. We introduce the Oiso architecture,
equipped with Oiso processing elements and encoders tailored for
Oiso arithmetic, realizing efficient low-bit LLM inference. Oiso
quantization can push the limits of low-bit LLM quantization,
and the Oiso accelerator outperforms the state-of-the-art outlier-
aware accelerator design with 1.26x performance improvement
and 25% energy reduction.

Index Terms—Hardware Neural network

compression.

acceleration,

I. INTRODUCTION

ARGE language models (LLMs) [1], [2], [3] have revolu-
L tionized various fields with superior performance in natural
language processing tasks, such as translation, summarization
and question answering. Despite the flashy performance, the
deployment of LLMs faces many practical obstacles. One
of the primary concerns is the considerable computational,
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memory, and energy costs of LLM training and inference, which
increase with the growing size and complexity of mainstream
LLMs. To illustrate, the GPT-3 model [1], comprising 175
billion parameters, necessitates 350 GB of memory for loading
and requires a minimum of five A100-80G GPUs to perform
inference. Moreover, it’s estimated that ChatGPT service
requires an average electricity consumption of 564 MWh per
day [4].

Quantization [5], [6], [7], [8] is one of the model compression
methods that transforms the model from the high-precision
floating-point (FP) to low-precision data formats, e.g., integer.
The compression of the model size and reduction of the
computational cost it brings facilitate the acceleration of
inference and savings in memory and energy [9], [10], [11],
[12], [13]. Given LLMs’ considerable computational and energy
overheads, it is imperative to underscore quantization’s pivotal
role in ensuring their sustainability.

Architecture researchers have endeavored to address the
outliers that emerge in the models with algorithm and hardware
co-design [14], [15], [16], [17], [18], [19]. GOBO [14] and
OLAccel [15] utilize the coordinate list to store the locations
of sparse outliers. BiScaled-DNN [18] adopts block sparse
indices format to index the outliers. Besides, DRQ [19] uses
a direct bitmap for the outliers. The locations of the outliers
are sparsely encoded, and they will be quantized into higher-
precision data formats, such as INT8 and INT16. Olive [17]
introduces an outlier-victim pair quantization which sacrifices
the adjacent normal values to accommodate the outliers. For
the Olive quantization framework, Flint [16] is leveraged for
normal values, and an adaptive biased float is proposed for
outliers.

Despite the ability of aforementioned outlier-aware architec-
tures to effectively extract outliers from data distributions, the
nonuniform data formats necessitate additional architectural
overhead for codec and outlier computation. Due to the
limited dynamic range of integers, integer-based quantization
methods require additional encoding to extend their range to
accommodate the intricate data distribution characteristics of
LLMs. Furthermore, it is not prudent to tailor the architectural
design to accommodate sparse outliers, as they comprise only a
tiny fraction of the activation values (i.e., < 0.1%). Moreover,
they fixate on the outliers excessively, isolating them from
the normal directly, which may result in the loss of potential
opportunities to enhance precision and efficiency. For instance,
further improvements to the model’s accuracy can be achieved
by implementing a methodology capable of optimizing both
outliers and nonoutliers.
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In order to circumvent the cumbersome encoding design
to compensate for the dynamic range of integers, some
researchers adopt block floating point (BFP) [20] for LLM
quantization. It is suitable for LLM quantization due to its
extensive dynamic range and hardware efficiency [21], [22],
[23], [24]. BFP utilizes the largest exponent within a given
block as the shared exponent. If an outlier is present within
the block, its exponent is considerably larger than the other
values. When other values are subjected to quantization, all
the smaller values are likely to be transformed into 0, resulting
in a significant loss of accuracy. Unlike traditional BFP,
BiE [22] leverages the bi-shared exponents, one as the shared
exponent of the normal part and the other as the shared
exponent of the outlier part. Using two shared exponents
enables the effective partitioning of more normal-outlier pairs,
which can isolate the impact of outliers on normal value
quantization, thereby reducing quantization errors. However,
its excessive flexibility significantly increases the required
hardware resources. Thus, the issue of hardware efficiency
remains inadequately addressed, which hinders practical use.

According to the above analysis, we propose a novel outlier-
isolated architecture for LLM quantization, designated as
outlier-isolated data format (Oiso), which adopts bi-shared
exponents per block as BiE [22]. A hierarchical block encoding
with sub-block alignment scheme is introduced to reduce the
hardware overhead caused by the bi-shared exponents. The block
is divided into several sub-blocks of the same size. The top-
level block encoding facilitates the extraction of bi-shared
exponents for the entire block. The bottom-level block encoding
determines the type of each sub-block, subsequently conducting
quantization in accordance with top-level block information.
Sub-block alignment dictates that elements within the same
sub-block must belong to the same type (i.e., they must be all
outliers or normal values). This way, the hardware efficiency
is significantly improved with a slight but acceptable accuracy
loss. Compared to BFP and BiE, Oiso provides more flexibility
for design space exploration, allowing for a better tradeoff
between accuracy and efficiency.

Oiso facilitates low-bit LLM quantization, attaining an
admirable equilibrium between model accuracy and hardware
efficiency. Its superiority can be attributed to the following
reasons. First, the data format of Oiso leverages a uniform
representation of both outlier and normal parts. In this case, it
circumvents the additional architectural designs for handling
outliers separately. Additionally, it eliminates the potential
for unaligned memory access, which could otherwise be a
hardware-unfriendly operation. Second, Oiso takes the oppor-
tunity to optimize both the outlier and the normal value to
reduce the quantization error further. Besides handling the
explicit outliers (with extremely large magnitudes) that are
responsible for the failure of low-bit LLM quantization, Oiso is
also able to optimize implicit outliers (relatively large values in
the normal values) effectively. Third, Oiso can readily employ
a reduced bit width due to its superior accuracy, consequently
diminishing the overheads associated with computation and
memory access.

As a plug-and-play post-training quantization (PTQ)
method, the Oiso quantization framework obviates the neces-
sity for fine-tuning and enables rapid deployment. It requires

only the statistics on weights and activations from a small
calibration dataset. Oiso’s PTQ using 4-bit signed mantissa can
achieve comparable accuracy with 8-bit Olive’s PTQ results
for OPT [2] and Llama?2 [3]. We also describe integrating Oiso
into existing accelerator architectures, e.g., systolic array in
Google TPUs [13].

We make the following contributions in this article:

1) We introduce a novel Oiso called Oiso with a uniform
representation of both the outlier and the normal value.
The fundamental objective of Oiso is to isolate the
normal values from outliers, thereby mitigating the influ-
ence of outliers on the quantization of normal values.

2) We propose a hierarchical block encoding method with
a sub-block alignment scheme that aligns the elements
in the sub-block to the same type to leverage the sparsity
of outliers.

3) We investigate the methodology to identify outliers and
find the potential to further reduce quantization error
through leveraging implicit outliers.

4) We propose the Oiso processing element processing
elements (PE) and encoder hardware implementation,
which can be integrated into the existing architectures,
e.g., a systolic array.

5) Benefiting from the effective quantization algorithm and
architecture co-design, the experimental results show that
Oiso can achieve resilient low-bit LLM quantization
and outperform the-state-of-the-art accelerator Olive
with 1.26x performance improvement and 25% energy
reduction. Thus, the resilience of Oiso allows for a
more general and practical deployment of low-bit LLM
inference.

II. BACKGROUND AND MOTIVATION
A. Challenges in LLM Quantization

Integer quantization maps high-precision numbers like IEEE
single-precision FP (FP32) and half-precision FP (FP16) into
discrete integer numbers like INT8 and INT4. It can increase
the computational efficiency and reduce the memory footprint
of the large-scale model for practical deployment. The typical
INTS8 quantization process can be formulated as follows:

. [§J S max(|X]) )
s TN

where X is an FP32 matrix, X, represents the quantized matrix
in INTS, [-] denotes the rounding function, e.g., rounding to
the nearest scheme. S is the scaling factor, and N is the number
of bits in quantized data format (N = 8 in this case).

However, outliers give rise to an anomalously significant
scaling factor in the context of LLM quantization. According
to (1), this would result in most normal values being quan-
tized to O following the scaling and rounding procedures,
thus introducing significant quantization errors. Concurrently,
clipping the sparse outliers will result in a significant accuracy
degradation, which illustrates the importance of outliers in
maintaining the functional integrity of LLMs [25]. Thus, it
is essential to appropriately address both the outlier and the
normal value for LLM quantization.

Moreover, although quantization-aware training (QAT) can
achieve better quantization accuracy, PTQ is the prevailing

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on February 03,2026 at 02:28:52 UTC from |IEEE Xplore. Restrictions apply.



ZOU et al.: Oiso FOR LOW-BIT LARGE LANGUAGE MODEL QUANTIZATION

methodology for LLM quantization due to its efficiency.
However, existing PTQ methods without any fine-tuning are
only capable of maintaining accuracy at 8-bit [25], [26], [27],
which poses a challenge of low-bit LLM PTQ.

B. Block Floating-Point

BFP [20], also known as microscaling data formats with
integer version (MXINT) [28], is a particular variant of float-
ing point. Different from FP, the elements within a block will
share a common exponent. Thus, there is only one exponent in
one block in BFP, which also reduces the exponents’ memory
footprint. The data format of BFP is illustrated in Fig. 1.

The advantages of BFP are twofold. First, BFP has a
more extensive dynamic range than integers due to a shared
exponent. Second, it is more efficient than FP due to the
reduced bit width and the fact that BFP arithmetic is primarily
low-overhead INT arithmetic, as opposed to the costly FP
arithmetic. Given its advantages, BFP is widely explored for
DNN model inference and training to benefit from its supe-
riority [22], [29], [30], [31]. Additionally, some commercial
hardware architectures also integrate BFP PE to accelerate
DNN inference [32], [33], [34], [35], which substantiates the
practical utility of BFP.

We can convert X in FP16 with N elements into XBFF in
the data format of BFP as follows:

2o [(=D)mg, (=D m, ..o, (D) my_ ] )

where

epn =maxe;,1€0,1,...,N—1 3)
l

/
m; =m; >> (ey —

e),ic0,1,....N—1 4)

where >> is the right shift operation, s; is the sign bit for
each element, e, denotes the shared exponent with E bits, m;
represents the private mantissa of the ith elements with M bits.

The dot product is the basic computation in the general
matrix multiplication (GEMM), and a significant portion of
the computational workload in DNN can be attributed to
GEMM operations. To show more clearly the efficiency of
BFP arithmetic, we take the example of the dot product of
BFP.

Given two blocks X?Fp and X2BFP with N elements in BFP
format, the calculation will be donated as

N-1
pemtem N (=1 B2y o) 5)
i=0
where e, and e,,, are the shared exponent of X; and X,
€P is an XOR operation, s1; and sy ; are the sign bit for each
element, m| ; and mj ; are the private mantissa of each element.
It is important to note that m ;-my ; is an integer multiplication
operation, and the partial sum is calculated in integer addition.
Consequently, the dot product of two blocks is more efficient
than the counterpart of FP.

C. Motivation

1) Uniform Representation: Existing outlier-aware accel-
erators adopt different strategies to handle outliers.
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Fig. 1. Illustration of different numerical representation formats: FP16, BFP
and Oiso.
OLAccel [I5] and GOBO [14] leverage low-precision

quantization for normal values and high-precision quantization
for outliers with a coordinate list to memory the index of
outliers. BiScaled-DNN [18] exploits different scaling factors
for normal values and outliers and quantizes them into the
same bit-width format. The quantized values are uniform,
but the required block sparse index will lead to unaligned
memory access. Moreover, the outliers in LLMs are unsuitable
for using different scaling factors because outliers persist in
fixed channels, as shown in Fig. 2. Per-channel activation
quantization is challenging to map to hardware accelerators
due to the unfriendly memory access, leading to severe
performance degradation. DRQ [19] also utilizes different
precision for outliers and normal values with an aligned bitmap
to indicate outliers. Olive [17] employs Flint [16] for normal
values quantization and adaptive floating point for outliers. If
some layers are sensitive to quantization, it will increase the
bit width, which can reduce the quantization error.

In conclusion, the nonuniform representations proposed
by previous works decrease the hardware efficiency. On the
one hand, the nonuniform representation requires additional
architectural design to cope with codecs and computational
units for different data formats. On the other hand, it will also
lead to unfriendly memory access due to the variable-length
data format and unsupported quantization process.

Thus, a uniform representation can be more efficient for
outlier-aware LLM quantization. Oiso’s design is based on the
concept of uniformity, which addresses the shortcomings of
previous works.

2) Leverage Implicit Outliers: The knock-on effect of
nonuniform representations is that the opportunity is missed
to leverage implicit outliers to further reduce quantization
error and improve hardware efficiency. Prior outlier-aware
quantization works find a significant threshold (e.g., 10 for
the example in Fig. 2) to split the data into two parts:
explicit outliers and normal values. However, the distribution
of explicit outliers is sparse, and the additional architectural
design may occupy over half of the total PE area [14], [15].
Thus, there is still plenty of room for more cost-effective
design.

Concurrently, some contradictory scenarios may emerge.
For instance, the threshold may be lowered, enabling implicit
outliers to utilize high-precision quantization. It could enhance
the model’s accuracy and improve the utilization rate of outlier
hardware. However, adopting a high-precision data format will

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on February 03,2026 at 02:28:52 UTC from |IEEE Xplore. Restrictions apply.



932 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 45, NO. 2, FEBRUARY 2026

diminish hardware efficiency due to the increased bit width
and computational cost.

The proposed Oiso circumvents this problematic situation
by fully leveraging the potential of implicit outliers to enhance
the precision of quantization accuracy with the help of uniform
representation.

3) Limitations of Existing Block-Based Floating Point: The
inherent limitations of integer quantization exacerbate the
difficulties of low-bit LLM quantization. Some researchers
have begun to seek new data formats to ease the burden of
quantization algorithm design.

BFP represents a promising alternative for quantization,
offering an extensive dynamic range and hardware efficiency.
One representative configuration of BFP is BFP4, which packs
16 4-bit sign magnitude integers with one shared exponent
to represent a 16-tuple vector. Nevertheless, the vanilla data
format of BFP needs to be more flexible to facilitate further
improvements in model accuracy. The accuracy will be dras-
tically reduced when using a lower bit width for quantization.

OPAL [24] proposes an outlier-preserved BFP for LLM
quantization. It preserves the outliers in bfloat16 and extracts
tensor-wise and block-wise scales for shared exponent.
However, the encoding has a high overhead because it requires
scanning all the values in the tensor before determining the
max exponent for tensor-wise scale and bias values for block-
wise scale. The nonuniform data format will also lead to
unaligned memory access and a lack of utilization of implicit
outliers. BiE [22] introduces a variant of BFP where each
block has two exponents to address the issues caused by
outliers. Nevertheless, the hardware overhead is considerable
due to its fine-grained outlier-normal encoding, preventing it
from being efficiently implemented.

Therefore, a more flexible and efficient variant is needed to
push the limits of BFP for more resilient LLM quantization.

III. OUTLIER-ISOLATED DATA FORMAT

This section commences with a theoretical analysis of how
the accuracy of the vanilla BFP format can be improved.
Then, we introduce the detailed information of our proposed
Oiso with hierarchical block encoding. The sub-block analysis
shows the potential using sub-block alignment to reduce the
cost of the fine-grained outlier-normal encoding and corre-
sponding hardware design. The data format of the proposed
Oiso adheres to the design criterion for the uniform representa-
tion of both the outlier and the normal value. By isolating both
explicit outliers and implicit outliers, the Oiso quantization
framework can further reduce the quantization error.

A. Lesson Learned From BFP Quantization

The first question is: What can we do to further optimize
the data format of BFP? Before delving into the design of the
proposed data format, it is essential to grasp the characteristics
of BFP and the associated computational error analysis.

A tensor X, contains numerous blocks in BFP format
quantized from FP. Assuming the rounding-to-nearest scheme

Magnitude

0
10002000

&
3000 100 &

5000 50

Cx,
anye; 6000, 0 o

Fig. 2. Data distribution of the activation of one linear layer of the OPT-
30B model. The normal distributions are in blue. The lines in red denote the
outlier values with extremely large magnitudes.

is used during the quantization procedure, the resulting quanti-
zation error has a mean of zero, while the variance is calculated
as follows [29]:

s—am Ny

12 Zpy’_22)/i

i=1

(6)

O'2=

where N, = 2F represents the total number of the possible
exponent values, y; is the ith exponent value, p,, denotes the
probability that y; is used as the shared exponent for the block,
M and E are the bit widths of private mantissa and the shared
exponent.

Thus, increasing the bit width of the private mantissa is the
most straightforward approach to reduce the quantization error
of BFP.

On the other hand, the quantization error is related to the
shared exponent selection for each tensor block. The greater the
value of the shared exponent y; and the higher the corresponding
Dy;» the more significant the impact on quantization error. It also
provides a rationale for vanilla BFP’s suboptimal performance
in LLM quantization, particularly in the presence of outliers.
Consequently, how to reduce p,, of relatively large y; is crucial
in optimizing the data format of BFP.

In summary, the preceding analysis of quantization error
demonstrates that we can increase the bit width of mantissa or
decrease the frequency of large exponent as a shared exponent.
Nevertheless, increasing the bit width of the mantissa is
antithetical to the fundamental objective of quantization, as
minimizing the bit width of the compressed model is always
preferable. Therefore, the latter option is the more viable
choice. Our proposed Oiso data format can achieve this
objective by splitting the elements into two groups, i.e., the
outlier group and the normal group, which will be detailed
in Section III-C.

B. Sub-Block Alignment Analysis

Another essential problem is determining the granularity
of the outlier/normal group. BiE [22] utilizes the finest
granularity so that each value in the block can be freely
assigned to one group based on the threshold value. In this
case, every value should have one extra bit to indicate the type.
The quantized format utilizes increased average bit width and

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on February 03,2026 at 02:28:52 UTC from |IEEE Xplore. Restrictions apply.



ZOU et al.: Oiso FOR LOW-BIT LARGE LANGUAGE MODEL QUANTIZATION

TABLE I
PROPORTION OF OUTLIER AND NORMAL TYPES IN THE EXAMPLE
ACTIVATION TENSOR OF OPT-30B [2]

‘ Sub-block Size ‘ Normal Outlier ‘
1 99.96%  0.04%
2 99.92%  0.08%
4 99.85% 0.15%
8 99.70%  0.30%
16 99.40% 0.60%

introduces considerable hardware overhead to accommodate
its excessive flexibility.

Inspired from model pruning [36], [37], [38], [39],
[40], some insignificant values can be pruned, which can
achieve negligible loss compared to the full precision model.
Moreover, the extreme outliers are sparse, and the distribution
of the other part is usually flat. Therefore, eliminating the
necessity for fine-grained encoding can reduce the memory
and architectural design overhead.

A sub-block is defined as a subset of the block comprising
N consecutive elements, and there is no overlap between the
sub-blocks. Therefore, if the block size is Np, there will be
a total of Ngg = Np/N sub-blocks in the block. Sub-block
alignment assigns all the elements in the sub-block to be the
same type. Furthermore, if at least one element within the sub-
block is identified as an outlier, the sub-block is identified as
an outlier. Otherwise, it is normal. In this manner, only the
normal values adjacent to the outliers are relinquished.

We conduct a sub-block alignment analysis using a case
study of one activation tensor in OPT-30B model [2]. The
block size is 16, and the sub-block size varies from 1 to 16.
We use a threshold value of ;+30, where u is the mean value
and o is the standard variance of the tensor. If the magnitude
of the value exceeds the threshold, the value will be seen as
an outlier.

When the sub-block size is 1, which is also the finest-
grained type encoding, the extreme outliers only account
for 0.04%, as shown in Table I. As the sub-block size
increases, more normal values will inevitably be compromised.
Nevertheless, this will only have a negligible impact on a
tiny proportion (<1%), with most normal values remaining
unaffected.

C. Oiso Encoding

Based on the insights gained from the BFP quantization
error and sub-block alignment analysis, we detail our proposed
Oiso data format with hierarchical block encoding.

Unlike BFP, Oiso can isolate the normal values from
the outliers by introducing an extra shared exponent. The
two shared exponents are responsible for the normal values
and outliers in the block, respectively. Therefore, the top-
level block encoding starts by extracting the block’s shared
exponents, i.e., the maximum exponents of the outlier and
normal parts. All the elements in the block share the shared
exponents globally.

In the bottom-level block encoding, an identifier that indi-
cates whether the elements belong to the outlier or normal

933

Algorithm 1 Oiso Encoding With Sub-Block Alignment

1: Imput: FP block x = {xi, ..., xn;}, threshold T, block size Np, sub-
block size N.
2: Output: Type bits ¢ = {f],...,tNg/N}, private mantissa mg =
{m1 ..... m;VB }, normal/outlier shared exponent e;/e,.
3: Number of sub-blocks Ngg = Np/N;
4: for i =0 — Ngp do
5 each sub-block x; = {x;ny41,..., XiN+N} ID X;
6: if 3x € x;, |x| > T then
7: tiy] < 15
8: else
9 fip1 < 0;
10 end if
11: end for

12: e, < max{e; : x; €x A |xj| < T};

13: ep < max{e; : xj €x A |xj| > T};

14: for each x; € x do

15: if x; belongs to an outlier sub-block then

16: mil <~ m; >> ey — e
17: else

18: ml, < m; >> e, — e;;
19: end i

20: end for

type must be introduced. The bottom-level block encoding is
at sub-block granularity to reduce the cost of memory storage
and hardware design. 1-bit type bit is adopted for every sub-
block as the identifier. The average bit width used per element
for encoding in the block can be defined as follows:

2 x E+ Nsp
hw= —-—"
Np

where E is the bit width of the exponent, and 2 x E means Oiso
has two shared exponent per block. M represents the bit width
of mantissa and 1 for the sign bit. Np is the block size, and Nsp
is the number of sub-blocks. Because each sub-block shares
a type bit, the Nsg here denotes the number of shared type
bits for the whole block. For instance, we quantize a block in
FP16 into Oiso data format, E = 5, Ng = 16, and M = 3 for
the quantized mantissa. If the finest-grained encoding is used,
the average bit width will be 5.625. However, vanilla BFP
only uses 4.3125-bit on average. Accordingly, the utilization
of the finest-grained encoding necessitates the allocation of an
additional 30% of memory resources. Reducing the granularity
of the bottom-level block encoding, e.g., setting Nsp to 4, can
decrease the memory overhead by 13%.

The Oiso encoding algorithm is demonstrated
in Algorithm 1. x is a block of FP numbers, ¢; and m; are
each element’s original exponent and mantissa. The threshold
value 7 is a tensor-wise setting. Thus, its hardware overhead
is negligible. The sub-block alignment algorithm is from line
5 to line 11: if there exists one element whose magnitude
exceeds the threshold value 7, the sub-block type will be an
outlier. Otherwise, it is normal. The top-level block encoding
identifies the max exponents of the two parts as their shared
exponents (lines 12 and 13). After that, the mantissa will be
shifted accordingly, and the amount of the shift is related to
the type of elements. It should be noted that the mantissa
includes the implicit bit during the shifting operation, as Fig. 1
shows. Finally, the shifted mantissa will be truncated to get the
output mantissa m, (lines 14-20) based on the quantization
configuration of mantissa. The encoding algorithm can be

+M+1 (7)
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Distributions of p,, of the activation and weight tensor of one Linear Layer in OPT-30B. p,, is represented in log-scale for better illustration. (a) (c)

shows the original shared exponents’ distribution of the activation and weight in BFP. (b) (d) Oiso can decrease the py, of the relatively large y;. In particular,
Ty > T, and T3 > T4. The results of MSE demonstrate the potential of leveraging the implicit outliers to reduce the quantization error. (a) Distribution of
the shared exponents of the activation in BFP format, the MSE is 0.0055. (b) Distribution of the shared exponents of the activation in Oiso using threshold
T1 and T2, the MSE is 0.0052 and 0.0051, respectively. (c) Distribution of the shared exponents of the weight in BFP format, and the MSE is 2.5630e-06.
(d) Distribution of the shared exponents of weight in Oiso using threshold T3 and T4, the MSE is 2.0266e-06 and 1.6093e-06, respectively.

implemented efficiently in both hardware and software. In
particular, the Oiso encoder eliminates the need for FP
multiplication compared to integer-based quantization and can
be integrated into the activation unit.

D. Quantization Framework

Our Oiso quantization framework targets PTQ for LLMs
without any retraining or fine-tuning to achieve rapid deploy-
ment of LLM quantization. Oiso quantizes both activations and
weights in low-bit format to reduce the memory footprint and
computational cost. Compared to vanilla BFP quantization, we
provide more flexible quantization parameters, namely the sub-
block size and tensor-wise threshold values, to further reduce
the quantization error.

The selection of sub-block size will affect not only the
quantization accuracy but also the hardware efficiency, which
we will be discussed later. And the choice of threshold is
crucial at the algorithmic level. It will determine whether the
superiority of the Oiso data format can be fully leveraged.

Existing works employ mean squared error (MSE)
minimization framework to determine the quantization param-
eters by gradient descent or searching algorithm [17], [22],
[26], [27], [41]. Oiso quantization framework also adopts the
MSE minimization algorithm to determine the threshold values
for each activation and weight tensor.

The majority of existing studies use a quite large threshold
value to split the tensor into two groups. Consequently,
the remaining 99% of normal values cannot undergo any
optimization. In other words, the potential for leveraging
implicit outliers is overlooked. Based on the quantization error
analysis in Section III-A, the normal-normal sub-block can
also be optimized by isolating relatively large values to prevent
relatively small values from losing precision.

In Fig. 3, we evaluate the effect of isolating the normal
values from outliers on the activation and weight of one
Linear Layer in the OPT-30B model [2]. Compared to BFP,
Oiso can effectively reduce the impact of outliers on the
normal values. As shown in Fig. 3(b) and (d), the p,, are
reduced compared with Fig. 3(a) and (c). First, we employ
two threshold values, 71 and 73, for activation and weight
Oiso quantization. 71 = u1 + 3 x o1 and 73 = uz + 3 X o7,
where @1 and wy denote the mean values of the activation
and the weight, o1 and o, represent the standard variance of
the two tensors, respectively. Applying 77 and 73 isolates the
explicit outliers, reducing the quantization error compared to
BFP. Nevertheless, this approach is suboptimal because the
explicit outliers are sparse, neglecting the vast optimization
space of normal values. We further employ 7, and T4 as the
optimal threshold values for activation and the weight, which
are much smaller than 77 and 73. By using decreased threshold
values, although p,, of the large exponent slightly increases
(e.g., ¥i = 3 ~ 7 in the activation and y; = —3 ~ 2 in the
weight), p,, of the intermediate values, which accounts for
the vast majority of value distribution, is significantly reduced
(e.g., i = —1 ~ 2 in the activation and y; = —5 ~ —4 in the
weight). The optimized MSE indicates that the exploitation of
implicit outliers is an effective way to further improve Oiso’s
quantization performance.

IV. OISO ARCHITECTURE

Based on our proposed Oiso quantization format, we build
an efficient hardware accelerator to perform Oiso arithmetic.
In this section, we will introduce the architecture design of
Oiso accelerator. We will present detailed hardware design of
4-bit Oiso PE and encoder, along with a data-packing strategy
for efficiently storing the quantized tensors in Oiso format.
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Fig. 4. Architecture overview of Oiso accelerator.

A. Architecture Overview

The Oiso architecture, as illustrated in Fig. 4, involves a
2-D PE array, an activation/weight buffer, an accumulation
unit, an output buffer, and a controller. Oiso accelerator adopts
systolic array-based dataflow paradigm [13], enabling efficient
hardware implementation for Oiso arithmetic, while fully
exploiting memory bandwidth. Weight tensors will be first
quantized and stored in the DRAM. The quantized tensors
with reduced precision will then be loaded and packed into
the activation/weight buffer. The PE array supports the Oiso
arithmetic efficiently. We allocate a 16-unit-wide multiply-
accumulate (MAC) for each PE to handle the activation and
weight blocks computation. We employ an output-stationary
data flow in which activations and weights flow through the
array. The partial sum of each PE will be normalized, aligned,
and then accumulated.

B. Oiso PE Design

Oiso PE consists of an exponent processing unit (EPU) and
a mantissa processing unit (MPU), as shown in Fig. 5, which
is tailored for Oiso arithmetic.

A thorough understanding of Oiso’s dot product is necessary
before diving into the PE design. The dot product of two
blocks x, and x,, in Oiso format can be formulated as

Enax = €5 +e) (®)
ef = ey (1—1!)+ef 1 ie[l,Nsp] ©)

1
w
1

e = ey - (1—1)+e) -1, ie[l,Nsg]  (10)
N
pi = Zm (11)
j=1
Nsp
psum = 2Emax Zpl >> (Emdx — e;l — Erv) (12)
i=0

where e, and e, are the shared exponents for the outliers and
the normal values. #; represents the type bit of the i-th sub-
block. Ngg and N denote the number of sub-blocks and the
number of elements in a sub-block. m;; is the j-th signed
mantissa in the i-th sub-block.

Compared to the dot product of BFP in (5), the product of
the mantissa may correspond to different exponent sums due
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Fig. 5. Oiso PE design including an EPU and a MPU.

to the presence of two shared exponents during the dot product
of Oiso. Thus, before summing up the mantissa products, a
shift operation is required to align all the products to ensure
that they will be accumulated correctly. During the alignment
process, the maximum exponent sum serves as the target.
The products with smaller corresponding exponent will be
aligned according to the difference between their exponent and
the target exponent. After that, the aligned products will be
summed up.

EPU is utilized to determine the alignment offset. There are
four exponent sums because each block has two shared expo-
nents. Thus, EPU first calculates all the exponent sums using
four adders. The corresponding alignment offset will then
be obtained by calculating the difference with the maximum
exponent sum Ep,x. There is no need to build a comparator
tree to determine the maximum exponent sum. Because e, will
always be no less than e,, and ¢4 4 ¢ will therefore always
be no less than the remaining three exponent sums. Besides,
if there is no outlier in the block, the Oiso encoder will assign
e, with e, to ensure e, is always no less than e,. The type
bits of the sub-block are concatenated to form the selection
signal, which determine the sub-block’s alignment offset. If the
concatenated type bits " = 00,, the alignment offset will be
Enax —e), —en; if 1% = 01, the offset will be Enax —e;] — e5;
if £ = 10y, the offset will be En.x — e} — ej; otherwise, the
offset is 0.

MPU is responsible for the compute-intensive MAC oper-
ations in the Oiso arithmetic. It is equipped with 16 4-bit
multipliers to obtain the mantissa products. Following the
hierarchical block structure, MPU has two levels of adder
trees. The adder tree operates by grouping input operands in
pairs and processing them through multiple levels of adders,
with each level reducing the number of operands by half.
This iterative reduction continues until a single output sum is
produced. In the first level, Nsg adder trees will accumulate
the partial product sum of each sub-block. Then the sub-block
partial sums will then be aligned with the shift factors obtained
from the EPU. The second-level adder tree sums up the aligned
sub-block partial sums to output the final partial sum of the
block.

C. Encoder

The Oiso data encoder is designed to efficiently convert
FP values into the Oiso format, ensuring correctness and
hardware efficiency. Based on the Oiso encoding algorithm
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described in Algorithm 1, the hardware implementation is
shown in Fig. 6. The encoder consists of three key submod-
ules: the shared exponent generator, the typebit generator,
and the mantissa converter. These modules work together to
process the input FP vector and produce the Oiso-encoded
outputs in a hierarchical block encoding structure. The input
to the encoder is a vector of 16 FP values, which first
pass through the threshold units for element-wise comparison
with the tensor-wise threshold 7. This comparison determines
the type of each element as a normal value or an outlier.
The resulting binary type bits are grouped into sub-blocks
by the typebit generator, which performs an OR operation
across each sub-block to encode a single type bit #; for the
group. This sub-block alignment reduces encoding granularity
and simplifies hardware implementation, while maintaining
high efficiency. The shared exponent generator extracts the
maximum exponents for both normal values (e,) and outliers
(ep) using a bi-comparator tree, which is a hierarchical
structure that efficiently identifies the maximum exponents
for normal values (e,) and outliers (e,) in parallel, ensuring
low-latency extraction for shared exponent generation. These
shared exponents are then used by the mantissa converter,
which aligns the mantissas of all elements with their respective
shared exponents through a series of efficient right-shift
operations. The aligned mantissas are truncated to the target bit
width (e.g., 4-bit signed mantissa) to complete the encoding.

D. Memory Layout of Oiso Values

We introduce a storage format for Oiso values with 4-bit
signed mantissa, which is compatible with existing memory
subsystems. Oiso value is composed of three parts: shared
exponents, type bits for sub-blocks, and 4-bit signed mantissa

for each element. Quantizing FP16 values into Oiso format,
the exponent field is 10 bits (5 4+ 5). The total bits of the
signed mantissas are 16 x 4. Moreover, the bit number used
for type depends on the number of sub-blocks Nsg. There is
a mantissa memory that only stores the 64-bit mantissa block.
If Nsg = 1,2,4, we will pack the type bits with the shared
exponents and pad zeros to form a 16-bit number. Otherwise,
we will store the exponents and type bits separately.

V. EVALUATION

In this section, we evaluate the quantization accuracy using
the Oiso quantization framework. The hardware efficiency of
Oiso architecture is also evaluated in terms of performance,
energy consumption and area overhead.

A. Methodology

1) Quantization Framework: We implement the Oiso quan-
tization framework using PyTorch [42] to simulate its
hardware behavior. We evaluate OPT-{6.7B, 13B, 30B} [2],
Llama2-{7B, 13B} [3] and Llama3.1-8B [43] which are the
representative open-source LL.Ms with different scales from
Huggingface [44].

We compare Oiso with existing quantization works, includ-
ing SmoothQuant (SQ) [26], Olive [17], BFP [21] and
BiE [22]. SQ [26] is the state-of-the-art PTQ method for LLM,
which mitigates the outliers by an equivalent scaling between
activations and weights. BFP [21] investigates several blocked-
based data formats for LLM quantization, demonstrating that
BFP is the most promising one to maintain the balance
between accuracy and efficiency. BiE [22] further improves
the accuracy of BFP by introducing an extra shared exponent
for LLM quantization. Olive [17] proposes an outlier-victim
pair encoding for LLM quantization, which also supports
mixed precision computations to exploit the potential of lower-
precision quantization for some layers.

We access the quantized models across a range of natural
language processing tasks, including language modeling,
multiple choice and common sense reasoning: Wikitext2 [45],
LAMBADA [46], PIQA [47], ARC_easy [48], COPA [49]
and QNLI [50]. It enables the evaluation of the model’s com-
prehensive capabilities after quantization. The quantization
evaluation framework is built based on Im-eval-harness [51].

2) Accelerator Implementation: We implement the Oiso
encoder and the PE described in Section IV with Chisel [52]
and synthesize them using Synopsys Design Compiler [53]
with 7nm FinFET technology library [54] to estimate the
area, latency and power of the hardware implementations. We
develop a cycle-accurate simulator to evaluate Oiso’s end-to-
end performance. CACTI [55] is employed to estimate the
latency and power of on-chip buffers.

We compare Oiso with AdaptivFloat [56], BiE [22], and
Olive [17] in terms of performance and energy consumption.
AdaptivFloat [56] introduces an adaptive FP that dynamically
determines the tensor-wise exponent bias, and describes the
design of the proposed hybrid float-integer PE. BiE [22]
utilizes the finest-grained type encoding, and the proposed
architecture supports its arithmetic. Olive [17] transforms
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TABLE 11
QUANTIZATION ACCURACY OF O1SO COMPARED WITH BASELINES ON
OPT MODELS. THE EVALUATION BENCHMARKS INCLUDE ARC_EASY
(ARC_E), COPA, QNLI, PIQA AND LAMBADA

[ Model [ Method Arcce COPA QNLI PIQA LAMBADA |
FP16 6561 81.00 5089 76.8 67.69
SQ8 6481 80.00 50.67 76.50 68.62
Olive8  65.19 81.00 50.87 75.68 66.99
OPT. SQ6 5955 8200 51.38 7193 64.16
678 TBFP4  61.83 8200 51.67 72.69 58.12
BiE4  61.87 81.00 5373 7443 61.79
Olive4 4129 63.00 4930 60.28 439
Oiso4 6229 83.00 53.14 73.83 60.37
FP16  67.09 86.00 5720 75.90 68.72
SQ8 6654 8400 56.14 7530 68.41
Olive8  66.67 8500 5676 76.22 68.60
OPT.. SQ6 5400 63.00 49.81 6828 46.19
138 BFP4 6540 84.00 54.18 74.70 67.07
BiE4  66.84 83.00 5631 7497 68.19
Olive4 3830 58.00 4884 57.40 6.31
Oiso4 6561 87.00 5475 74.27 67.94
FP16  69.95 8200 51.86 77.58 71.40
SQ8  69.61 8400 5252 7775 7171
Olive8  70.16 8200 5243 7737 71.22
OPT. SQ6 4129 6600 5144 5794 0.54
308 BFP4  67.68 81.00 51.13 76.77 70.39
BiE4 6932 81.00 5230 76.77 71.59
Olive4  33.04 5300 5219 5555 0.56
Oiso4  68.10 79.00 53.18 76.82 70.64
TABLE III

QUANTIZATION ACCURACY OF O1SO COMPARED WITH BASELINES ON
LLAMA-2 AND LLAMA-3 MODELS. THE EVALUATION BENCHMARKS
INCLUDE ARC_EASY (ARC_E), COPA, QNLI, PIQA AND LAMBADA

[ Model [ Method Arce COPA QNLI PIQA LAMBADA |
FPI6 7635 86.00 49.95 78.07 73.92
SQ8 7361 9000 5515 7590 70.83
Olive8 7311 90.00 57.86  76.88 7021
Llama2y; | SQ6 6658 8000 5211 7252 56.61
’ BFP4 7024 81.00 5466 7497 67.65
BiE4 7437 8400 5041 7731 72.66
Olive4  37.33 7200 50.67 57.56 10.38
Oiso4 7412 8600 5327 17677 72.04
FPI6  79.55 90.00 49.53  79.11 7671
SQ8 7795 90.00 5468 77.42 72.89
Olive8  73.06 86.00 49.46 77.58 72.00
Liama2ysy |56 7079 8300 SLI3 7448 60.86
BFP4 7424 8700 49.62 7731 7537
BiE4  77.82 88.00 49.64 7835 75.41
Olive4 2845 6500 50.05 52.94 0.16
Oiso4  77.61 87.00 4961 7791 75.20
FPI6 8148 88.00 49.77 80.14 75.84
SQ8 8165 89.00 4973 79.39 74.81
Olive8 8173 8800 50.70  80.09 7541
Liama.1gy | SQ0 6688 8200 4994 7459 60.86
‘ BFP4 7736 8500 50.69 7758 69.42
BiE4 7854 8500 5041 7835 71.30
Olive4  30.09 59.00 50.30 55.28 4.52
Oiso4  76.68 8400 50.85 78.08 71.01

the encoded values into unified exponent-integer pairs and
implements the MAC unit for their computations.

B. Accuracy Results

We evaluate the performance of Oiso on LLM quantization.
Since LLM’s memory overhead is already considerable, QAT,
which requires retraining to recover the quantization error, is
not suitable for LLM quantization. We employ the PTQ setting
for LLM quantization, which is much more efficient than
QAT. We randomly sample 128 data from the Pile dataset [57]
for calibration during the PTQ process to determine the
quantization parameters.

937

SQ [26] is the state-of-the-art INT8 PTQ method, and we
use its INT8 and INT6 configurations for comparison. We
also compare with 8-bit/4-bit Olive [17] for PTQ of LLMs. In
addition, BFP4 [21] and BiE4 [22] which have 4-bit signed
mantissa (i.e., 1s 3m) are used as baselines. Our proposed
Oiso4 has a 4-bit signed mantissa (i.e., 1s 3m), and its sub-
block size is 4. We use this quantization configuration to
evaluate quantized models on the classification and language
modeling tasks. Further analysis of sub-block size and man-
tissa precision is also conducted.

1) Classification Tasks: Classification tasks include
LAMABADA [46], PIQA [47], ARC_easy [48], COPA [49],
QNLI [50], which are used to verify the model’s capability on
tasks such as multiple choice and commonsense reasoning.

As Table II shows, our Oiso4 can achieve negligible accu-
racy loss on OPT-{6.7B, 13B, 30B} models compared to
the original models. SQ and Olive can preserve the accuracy
at 8-bit. However, 6-bit SQ can not maintain the accuracy,
particularly on OPT-{13B, 30B} models. For 4-bit Olive,
the accuracy of the quantized models significantly degraded,
especially on Arc_easy and LAMBADA tasks. The average
accuracy of Oiso is comparable to that of the BiE and is
even higher on OPT-13B, which demonstrates the redundancy
of the finest-grained type encoding. We can leverage the
sub-block to reduce the hardware overhead. Oiso reduces
the impact of outliers on the normal values, enabling it to
surpass the BFP. Similar conclusions can also be obtained in
evaluating the Llama2-{7B, 13B} models, which demonstrate
the generalization of the proposed methodology, as shown
in Table III. It can be seen that Oiso4 outperforms Olive8 on
Llama2-13B with much smaller bit width.

Language Modeling Task. Language modeling task is crit-
ical to evaluate the quality of the sentences generated by
LLMs. Perplexity is employed as the evaluation metric for
language modeling. It is defined as a measurement of a
language model’s uncertainty or confusion when attempting
to predict the subsequent token in a sequence. A language
model’s perplexity is derived from the likelihood that it assigns
to the actual sequence of tokens in the dataset. Thus, a smaller
perplexity means the quality is better.

Table IV shows different quantization methods evaluated
on OPT and Llama2 models using WikiText2 [45]. Oiso4
can maintain accuracy with a 4-bit signed mantissa. It is
noteworthy that Oiso4 can exceed the capabilities of 8-bit
Olive on Llama2-{7B, 13B} and outperform 8-bit SQ on
Llama2 models and OPT-13B. Compared to BFP, Oiso demon-
strates enhanced resilience in LLM quantization, particularly
on Llama-7B. It prevents a notable reduction in the language
modeling capacity of LLM after quantization.

2) Sub-Block Size and Precision Effects: Oiso has the
flexibility to adjust the sub-block size compared to BFP [20]
and BiE [22]. An experiment is conducted to demonstrate
the impact of varying sub-block sizes (e.g., 1, 2, 4, 8, 16)
on quantization performance. Moreover, we explore Qiso’s
potential for lower-precision quantization, i.e., Oiso3 with
3-bit signed mantissa (1s 2m).

The average accuracy over the classification tasks and
perplexity of WikiText2 on OPT-{6.7B, 13B} with different
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TABLE IV
LANGUAGE MODELING PERFORMANCE ON QUANTIZED OPT, LLAMA-2 AND LLAMA-3 MODELS

[ Method [ Llama2-7B  Llama2-13B Llama3.1-8B OPT-6.7B OPT-13B_ OPT-30B |
FP16 5.31 4.73 6.05 10.64 9.91 9.34
SQ8 6.93 5.94 6.18 11.33 12.79 9.35
Olive8 6.77 5.58 6.23 10.83 10.03 9.42
SQ6 10.38 8.28 9.49 13.16 13.75 82.54
BFP4 7.56 5.14 7.53 11.98 11.03 9.93
BiE4 5.65 5.02 6.83 11.50 10.37 9.46
Olived 1e6 2e3 135.95 29.55 18.46 58.14
Oiso4 5.87 5.12 7.43 11.79 10.71 9.71
OPT-6.7B (Oisod) OPT-13B —=— OPT-6.7B (Oiso3) OPT-13B (Oiso3)
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Fig. 7. Average accuracy on Arc_easy, COPA, QNLI, PIQA and LAMBADA
and the perplexity on WikiText2 versus sub-block size and mantissa bit width
on OPT-6.7B and OPT-13B models.
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sub-block sizes and precision are shown in Fig. 7. The quanti-
zation performance generally decreases with an increase in the
sub-block size and a decrease in the precision. In classification
tasks, Oiso with a 4-bit mantissa and sub-block sizes of 1 and
4 can outperform other sub-block sizes. Moreover, when the
sub-block size exceeds 4, the language modeling capability
will significantly degrade under the 3-bit configuration.

The former is likely because the larger the sub-block size,
the more challenging it becomes to isolate normal values from
outliers effectively. The latter can be elucidated through (6). In
the case of BFP, the quantization error is observed to decrease
as the mantissa bit width increases.

It is noteworthy that the advantages of the proposed Oiso
data format become more apparent under the lower-bit setting.
This is because, at lower mantissa precision, the normal values
are more susceptible to the influence of the outliers, i.e., they
are more likely to be quantized to zero. For instance, to avoid a
significant loss of precision for the normal values (i.e., directly
quantized to 0), the exponent value of outliers within a given
block must not exceed the exponent value of a normal value
by more than 2. This requirement becomes even more rigorous
at a lower precision setting, and the difference in the exponent
can not exceed 1.

We further investigate the impact of block size and sub-
block size settings on quantization performance, as shown
in Fig. 8. In previous experiments, the block size is consis-
tently set to 16. Here, we increase the block size to 32. To
highlight the effect of the bi-exponent used, we excluded cases
where the block size and sub-block size are equal. Generally,
a larger block size tends to result in higher quantization error,
as more normal values are influenced by outlier values. On
the other hand, a smaller sub-block size enhances the ability
to isolate the influence of outlier values.

C. Area, Performance and Energy Analysis

We implement Oiso PE array and encoder and compare
with previous works, including Olive [17], BiE [22] and
AdaptivFloat [56]. Olive supports mixed-precision computa-
tions. Thus, we use its mixed-precision quantization method
to obtain an accuracy similar to Oiso for an iso-accuracy
comparison. We use the 8-bit AdaptivFloat and BiE4 (i.e.,
Is 3m) for comparison. For our proposed Oiso, we employ
Oiso4 (i.e., 1s 3m), and its sub-block size is 4 to better balance
accuracy and efficiency.

1) Performance: Oiso can achieve better end-to-end
latency due to its reduced precision and hardware overhead, as
shown in Fig. 9. For OPT-6.7B and OPT-13B, Olive can obtain
a similar performance compared to Oiso. However, Olive can
only use limited low-precision quantization for the rest of
the model, so performance can not be significantly improved.
Benefiting from the reduced hardware overhead, Oiso can
surpass BiE with more PE units under the same area constraint.
Overall, Oiso can achieve 1.26x, 1.54x, and 1.85x faster
inference over Olive, BiE, and AdaptivFloat, respectively.

We further conduct a timing analysis on Oiso and BiE
architectures. The maximum operating frequency fmax 1S mea-
sured for each design, which is the highest clock frequency at
which a digital system can operate reliably without violating
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timing constraints. The results show that for Oiso, fpmax =
699 MHz, while for BiE, fiax = 641 MHz. Due to the reduced
hardware complexity, fmax of Oiso achieves a 9% improvement
compared to BiE.

2) Energy: Fig. 10 illustrates the breakdown of the energy
consumption of each accelerator, including static energy and
dynamic energy (DRAM, SRAM, and core). SRAM and
DRAM consume more than half of the total energy, which
demonstrates the significance of the lower-bit quantization.
Oiso can achieve the lowest average bit LLM quantization,
which can significantly reduce the energy consumption of
DRAM and SRAM. Olive fails to achieve low-bit quantization
on OPT-30B, Llama2-7B, and Llama2-13B. Thus, it can not
further reduce the energy consumption caused by SRAM and
DRAM,; its energy consumption is even close to AdaptivFloat.
Oiso can reduce the energy by 25%, 18%, and 33% over Olive,
BiE, and AdaptivFloat.

3) Area: We first analyze the effect of sub-block size on the
PE area. As Fig. 11 illustrates the PE area will decrease with
the increased sub-block size. Finest-grained type encoding
will lead to significant hardware overhead when dealing with
shared exponent selection, alignment and so on. Introducing
sub-block alignment avoids those by sharing the same type in
the sub-block. When the sub-block size is 4, it can reduce the
area overhead by 31%.

The area breakdown of Oiso architecture is shown
in Table V. Compared to BFP PE arrays, Oiso requires only

AREA BREAKDOWN OF OISO

Module ‘ Number ‘ Area (mm?) ‘ Ratio (%) ‘
Oiso4 PE (173.43um?) 256 0.0444 94.9%
Encoder (152.92m?) 16 0.0024 5.1%

additional architectural design for the PEs and encoders; the
rest is identical. As for the Oiso PE array, it will occupy
about 95% of the total area. However, compared to the
on-chip buffer, the area overhead is insignificant. In our
previous performance and energy analysis, we size the other
accelerators to a similar area as Qiso.

VI. RELATED WORKS AND DISCUSSION

A. LLM Quantization

The emergence of the sparse outliers in activations makes
LLM quantization a challenging endeavor when the size
of the model exceeds 6.7B [25], [58]. To tackle the out-
liers, LLM.int8() [25] proposes a mixed-precision quantization
scheme that preserves the outliers in FP16 and quantizes the
remaining part into INTS. SQ [26], Outlier Suppression+ [27]
and OmniQuant [59] mitigate the outliers in activations using
an equivalent scaling transformation between activations and
weights. GPTQ [60] and AWQ [61] are weight-only quan-
tization frameworks that can reduce the memory footprint
of the weights, but the computations are performed in high-
precision data format. Binarization represents an extreme
form of compression for LLMs, utilizing a single bit to
represent quantized value, thereby pushing the boundaries of
LLM quantization [62], [63], [64]. To restore the performance
of quantized models, several parameter-efficient fine-tuning
methods have been proposed [65], [66]. For instance, IR-
QLoRA [65] has been introduced to improve the accuracy
of quantized LLMs by leveraging LoRA with a focus on
information retention, resulting in significant performance
enhancements for quantized LLMs.
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B. Block Floating-Point

BFP is a popular numerical representation method used in
digital signal processing and deep neural network [20], [28],
[67], [68]. Researchers introduce different methods to modify
the BFP data format to improve the quantization accuracy.
AFP [69] proposes an adaptive BFP in which every element
has a 3-bit private exponent bias. BiE [22] achieves lossless
LLM quantization by introducing an extra shared exponent.
OPAL [24] extracts the tensor-wise shared exponent and a
block-wise exponent bias. Although they can achieve better
accuracy than the vanilla BFP, the hardware overhead and
encoding efficiency must be considered better.

Olive [17] proposes an outlier-victim encoding (OVP) which
is also inspired by pruning. However, the effect and granularity
are different from our proposed sub-block alignment. OVP will
only pair up two neighbors. Moreover, it will sacrifice victims
to accommodate the outliers, and the victims will become
the outlier identifiers. The sub-block alignment can select a
different pairing size based on the sub-block size. The normal
values in sub-blocks are sometimes sacrificed entirely. It is
because we leverage not only explicit outliers but also implicit
outliers. The difference between the exponent values of the
implicit outliers and the exponents of the normal values is
not very large, so in this case, some of the normal values
in the sub-block are not completely discarded. In this work,
the sub-block size is chosen statically. A dynamic sub-block
size is not preferred because it would introduce additional
encoding and hardware overhead. Specifically, if different sub-
block sizes were used during the inference process, additional
control logic would be required to manage this, resulting in
increased complexity and resource consumption.

VII. CONCLUSION

This article introduces a novel Oiso data format for low-
bit LLM quantization. With a uniform representation of
both outliers and normal values, Oiso circumvents the addi-
tional hardware designs to tackle with outliers separately
and inefficient memory access. By isolating both explicit
outliers and implicit outliers, Oiso quantization can further
improve the quantization accuracy. Exploiting the sparsity of
explicit outliers, we introduce a hierarchical block encod-
ing method with sub-block alignment to encode the type
of the values. We propose an architectural implementation
tailored for Oiso arithmetic, realizing efficient low-bit LLM
inference. The experimental results demonstrate that Oiso
quantization achieves negligible quantization loss for low-
bit LLM quantization. The Oiso accelerator outperforms the
state-of-the-art outlier-aware accelerator Olive with 1.26x
performance improvement and 25% energy reduction.
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