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Abstract—Large language models (LLMs) have demonstrated
remarkable potential across diverse domains; meanwhile, their
large parameter sizes pose substantial inference costs, motivating
the need for efficient low-bit quantization. Group-wise quantiza-
tion, which adopts finer granularity, has been widely used to im-
prove low-bit quantization performance. Several adaptive numeric
types have been proposed to further enhance low-bit group-wise
quantization; however, they construct quantization grids based
on symmetric numeric types, which limits their ability to model
asymmetric distributions. To address this limitation, we propose
SA-ANT, a sign-asymmetric adaptive numeric type for efficient
low-bit group-wise quantization. SA-ANT constructs quantization
grids separately on the positive and negative sides, enabling
adaptive support for asymmetric and non-uniform distributions.
Furthermore, the carefully designed SA-ANT not only reduces
quantization errors but also ensures a unified computing across
different sub numeric types, thereby facilitating hardware effi-
ciency. To accelerate LLM inference, we develop (1) a quantization
framework that transforms LLM weights into the SA-ANT and
adaptively selects the sub numeric type for each group, and (2)
an accelerator that maps SA-ANT inference to low-bit INT oper-
ations. Experimental results show that SA-ANT delivers 3.92%–
5.57% higher accuracy than state-of-the-art adaptive numeric
types under 3-bit weight quantization, while also enabling 7.84%–
44.65% area savings and 7.80%–43.88% power reductions.

Index Terms—large language model, low-bit quantization,
group-wise quantization, adaptive numeric type, accelerator

I. INTRODUCTION

Large language models (LLMs) have achieved remarkable
success in various natural language processing tasks [1]–[4].
However, the growing demand for broader world knowledge
and stronger reasoning capabilities has driven a continuous
increase in model size, leading to substantial memory and
computing costs [5]–[7]. As an efficient technique for parameter
compression and computing simplification, quantization dis-
cretizes data using a grid with fewer possible values, enabling
low-bit representations of data in LLMs and reducing the
deployment overhead [8]–[10]. Group-wise quantization can
effectively reduce quantization errors through finer granular-
ity, and has emerged as an important research direction and
practical deployment strategy under low-bit budget [11]–[15].
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Conventional integer (INT)- and floating-point (FP)-based
numeric types have achieved usable accuracy in LLM infer-
ence under 4-bit quantization, and have therefore been widely
adopted in real-world applications [12], [13], [16], [17]. To fur-
ther reduce quantization errors, emerging studies have explored
adaptive numeric types, such as ANT [18], OliVe [19], M-ANT
[14], and BitMod [15], demonstrating a strong potential. A
key challenge for adaptive numeric types is to design sub
numeric types that align well with diverse data distributions,
while still enabling unified and efficient computing. Existing
methods mainly focus on adaptively matching the non-uniform
distributions [14], [15], [18], [20], [21] but insufficiently model
the asymmetry observed in group-wise quantization.

To address this limitation, we propose SA-ANT, a sign-
asymmetric adaptive numeric type for low-bit group-wise quan-
tization of LLMs. The main contributions of this work are
summarized as follows.

• We analyze and characterize new distributional properties of
group-wise data in LLMs.

• SA-ANT is proposed to accommodate diverse data distribu-
tions with asymmetric and non-uniform characteristics.

• We propose an offline adaptive quantization scheme tailored
to SA-ANT, resulting in higher zero-shot accuracy than state-
of-the-art 3-bit weight quantization methods.

• An accelerator is designed for SA-ANT based on the cus-
tomized decoders. With a higher accuracy, it consumes a
lower area and power than existing low-bit accelerators.

The rest of this paper is organized as follows. Section II
reviews the background of quantization and adaptive numeric
types. Section III discusses the motivation, construction pro-
cess, and adaptive quantization scheme of SA-ANT. In Sec-
tion IV, an accelerator tailored for SA-ANT is devised. Sec-
tion V evaluates the performance of SA-ANT in LLM weight
quantization and the hardware overhead of the accelerator.
Finally, Section VI concludes the paper.

II. BACKGROUND

A. Quantization Basics

The quantization process based on different numeric types
can be formulated as approximating the original data Wf



by searching for the closest element from a given discrete
quantization grid G (the value set of a numeric type) as

Wq = q(Wf , G) = argmin
Wi

|Wi −
Wf

∆
|, Wi ∈ G, (1)

where the scaling factor ∆ scales Wf into the same range as
G, and Wq is the quantized data consisting of values from G.
Subsequently, the dequantization step rescales Wq back to the
range of original data as

Wqf = ∆ ·Wq ≈ Wf . (2)

In general, since ∆ is shared across all elements in Wq ,
dequantization can be deferred until the multiply–accumulate
operations for Wq are completed. This allows the core compu-
tations to be performed in the domain of the quantization grid
G, avoiding high-precision floating-point operations.

In tensor-wise quantization, a single ∆ is applied to the entire
tensor (matrix), with its value determined by the global ex-
trema. In contrast, channel-wise quantization assigns the same
∆ to each channel (row vector) [22]. Group-wise quantization
further refines the granularity by partitioning each channel into
smaller contiguous groups, each assigned its own ∆ [13]. This
localizes the impact of outliers to the group they belong to,
leaving other groups unaffected.

B. Weight Quantization for Large Language Models
For LLM inference on edge devices with relatively small

batch sizes, the memory footprint is typically dominated by
the weights [14], [15]. As shown in Fig. 1, we visualize how
memory is allocated among weights, activations, and KV cache
in Llama-3.1-8B [4] across two representative tasks. It can be
observed that with a batch size of 32 (i.e., 32 input sequences
processed simultaneously), the weights in Transformer blocks
occupy the majority of memory. When the batch size decreases,
only activations and KV cache shrink, while weights remain
unchanged. Thus, applying low-bit quantization to weights is an
effective way to reduce the overall memory in LLM inference.
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Fig. 1: Memory ratio of activations (A), KV cache (KV),
embeddings (E), and weights (W) in Llama-3.2-8B (the batch
size is 32) under discriminative (512 input & 1 output tokens)
and generative (128 input & 512 output tokens) workloads.

In addition, compared to activation quantization that must be
executed online, weight quantization can be performed offline;
thus, it offers greater optimization flexibility with minimal
impact on inference efficiency. As a result, many recent studies
have focused on weight-only quantization [13]–[15], typically
compressing weights to 3- or 4-bit while keeping activations in
FP16 or INT8.

C. Adaptive Numeric Type

The use of adaptive numeric types as quantization grids
has been extensively studied [14], [15], [18], [19]. Adaptive
numeric types dynamically select the sub numeric type as per
the data distribution characteristics.
ANT [18] employs an adaptive numeric type by assigning

appropriate sub numeric types (e.g., INT, FP, power-of-two
(PoT)) to the data to be quantized, guided by minimizing the
mean squared error (MSE). OliVe [19] introduces the concept
of outlier–victim pairs and leverages the redundant encoding
to identify outliers and then assign them a special sub numeric
type with a larger dynamic range. M-ANT [14] derives 16 sub
numeric types by mathematically combining INT and PoT
quantization grids in different proportions, and selects the most
suitable one for each group according to its variance. BitMod
[15] modifies FP by exploiting the redundant zero encoding
to construct additional adaptive quantization points, enabling
dynamic adjustment of the quantization resolution or range. In
addition, INT-Asym (asymmetric uniform quantization) can
be regarded as a form of adaptive numeric type. Although
INT-Asym preserves a uniform quantization resolution, the
use of zero points enables the adaptation to asymmetric ranges
within each group.

III. SIGN-ASYMMETRIC ADAPTIVE NUMERIC TYPE

A. Motivation

As shown in Fig. 2, we visualize the data distributions
of 16 channels and 16 groups from the weights of Llama-
3.2-1B [4]. Although the ranges of different channels vary
a lot, their distributions are all approximately Gaussian with
a mean of zero. Therefore, once the range differences are
normalized by channel-wise scaling, it is reasonable to quantize
all channels using a single non-uniform numeric type. In
contrast, the situation changes under fine-grained group-wise
quantization, where smaller groups containing fewer elements
lead to reduced statistical stability, i.e., their data distributions
deviate from a consistent Gaussian shape. As a result, even
scaling different groups to the same range, the obtained data
distributions across groups still exhibit significant differences.
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Fig. 2: Data distributions of the sampled 16 channels (a) and
16 groups (b) from the first projection weight matrix in the first
Transformer block of Llama-3.2-1B.



We observe that the distribution of group-wise data in LLMs
differs significantly from those at the channel or tensor level,
characterized by three properties, i.e.,

(1) asymmetric data ranges,
(2) asymmetric non-uniformity, and
(3) the majority of elements concentrated around zero.

We refer to such distributions as skewed normal distributions.
For different skewed normal distributions, existing adaptive
numeric types fail to effectively align with their properties.
As shown in Fig. 3, we highlight this limitation by showing
the quantization grids and corresponding quantization errors in
MSE for one group from Llama-3.2-1B under various 3-bit
numeric types.
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1Fig. 3: Data distribution, quantization grids and errors of
different numeric types for one group from the first projection
weight matrix in the first Transformer block of Llama-3.2-1B.
Blue vertical lines denote the elements within this group.

INT3 fails to align with the asymmetry and non-uniformity
of the data, resulting in the highest MSE. In contrast, FP3
provides finer resolution for values near zero, thereby in-
troducing appropriate non-uniformity and reducing the MSE.
Although M-ANT provides 16 strictly symmetric sub numeric
types designed for data with different variances, in this case it
selects the same quantization grid as FP3 and fails to match the
asymmetric distribution. BitMod preserves the original FP3
grid with possible scaling, while exploiting the redundant zero
encoding to introduce an additional quantization point, thereby
incorporating a degree of asymmetry. For the specific data
shown in Fig. 3, BitMod adaptively adds the blue quantization
point to FP3 and achieves lower MSE compared to plain
FP3. As an FP3 variant, BitMod keeps mostly symmetric
quantization points, leaving some points unused for skewed
normal distributions (e.g., the red point in Fig. 3). INT3-Asym
employs a zero point to offset the INT3 grid and thus producing
asymmetry. However, INT3-Asym provides no adaptation to
the non-uniformity of the data.

Moreover, existing non-uniform numeric types cannot gain
support for asymmetry simply by introducing a zero point. This
is because their dense regions are deliberately concentrated
around zero to match normal or skewed normal distributions.

Offsetting the grid with a zero point to induce asymmetry would
inevitably disrupt this non-uniform alignment.

To address the limitation, we propose a sign-asymmetric
adaptive numeric type, SA-ANT, which aligns with both the
asymmetry and non-uniformity of group-wise data while still
enabling unified and efficient computing across different sub
numeric types. As shown in Fig. 3, both SA-ANT-L and
SA-ANT-P, tailored for different hardware budgets, achieve
substantially lower quantization errors compared with existing
numeric types.

B. SA-ANT Construction
This section demonstrates how SA-ANT is constructed

through combinations of non-decreasing sequences (NDSs) to
well align with the properties of skewed normal distributions.
SA-ANT aims to guarantee the performance of 3-bit weight

quantization. The 3-bit quantization grid G can contain at most
eight quantization points. Since zero always occupies one point,
seven points remain to be arranged. We propose to adaptively
allocate three points to one side (positive or negative) and four
points to the other to constructing sub numeric types. We refer
to the side with three points as Side-3 and the side with four
points as Side-4. By treating zero as a starting point and using
the NDSs in Table I as spacings between adjacent points, we
can construct different half grids that vary in range and non-
uniformity while always remaining denser grids around zero.
These half grids are then combined to form SA-ANT.

TABLE I: Non-decreasing sequences used in SA-ANT.

Method Side Non-decreasing sequences

SA-ANT-L
3 1,1,2; 1,2,3;

4 1,1,1,1; 1,1,1,2; 1,1,2,2; 1,1,2,3;

SA-ANT-P
3 1,1,1; 1,1,2; 1,2,2; 1,2,4;

4 1,1,1,1; 1,1,1,2; 1,1,2,2; 1,1,2,4;
1,2,2,2; 1,2,2,4; 1,2,4,4; 1,4,4,4;

We take SA-ANT-L that contains 16 sub numeric types as an
example to demonstrate the construction process. As shown in
Table I, the Side-3 of SA-ANT-L consists of two NDSs, while
Side-4 consists of four NDSs. The initial half grids are con-
structed using these NDSs as spacings, as shown in Fig. 4 (a).
For example, the sequence {1,2,3} in Side-3 produces the
half grid {0,1,3,6} and the sequence {1,1,2,3} in Side-
4 produces the half grid {0,1,2,4,7}. From this step, it is
evident that the half grids constructed based on NDSs naturally
align with property (3) of skewed normal distributions. We
denote these half grids as T1:nT

and Q1:nQ
, corresponding

to Side-3 and Side-4, respectively. As shown in Fig. 4 (a),
SA-ANT-L has two half grids in T1:2 and four half grids in
Q1:4. Next, by combining −T1:nT

with Q1:nQ
pairwise, we

obtain the full grids where Side-3 forms the negative part and
Side-4 forms the positive part, as shown in Fig. 4 (b). Similarly,
by combining −Q1:nQ

with T1:nT
pairwise, we obtain the

complementary case, as shown in Fig. 4 (c). This construction
process can be expressed as

GSA =

nT⋃
i=1

nQ⋃
j=1

{−Ti ∪Qj , −Qj ∪ Ti}. (3)
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Fig. 4: Overview of the construction of 16 quantization grids (sub numeric types) in SA-ANT-L.

As a result, SA-ANT-L contains 16 different quantization
grids, as shown in Fig. 4 (b) and (c). From this step, it becomes
evident that quantization grids obtained by combining the half
grids constructed from NDSs inherently align with properties
(1) and (2) of skewed normal distributions.

Similarly, for SA-ANT-P, we first construct half grids of
Side-3 (nT = 4) and Side-4 (nQ = 8) from the NDSs listed in
Table I, and then combine the half grids as above. Finally, 64
different quantization grids are obtained, which enables lower
quantization errors for low-bit group-wise LLM quantization.

It is noteworthy that the NDSs in Table I for defining
SA-ANT-L and SA-ANT-P are not unique; they are selected
to ensure that the range of decoded values is aligned with
a specific integer bit-width, thereby simplifying computation.
Other valid NDS choices are also possible and may result in
alternative SA-ANT-X numeric types with different trade-offs.

C. Sub Numeric Type Adaptation

To adaptively select the most suitable sub numeric type (i.e.,
quantization grid), we minimize the norm of the difference
between the quantized data and the original data as

G⋆ = argmin
Gi

∥Wf −∆ · q(Wf , Gi)∥, Gi ∈ GSA, (4)

where GSA denotes the set of all sub numeric types in SA-ANT
(see (3)), Wf is the original weight, q(·) is the quantization
operation (see (1)), and G⋆ is the selected sub numeric type.
In our quantization framework, the adaptive selection is guided
by the ℓ2 norm criterion.

Notably, weight quantization with adaptive numeric types is
commonly performed offline on GPUs. Since there are no data
dependencies across groups, the process is highly parallelizable
and therefore extremely efficient. For example, on a single
NVIDIA 3090 GPU, quantizing all weights of Llama-3.1-8B
[4] into SA-ANT-L and SA-ANT-P takes less than one minute
and less than three minutes, respectively.

IV. SA-ANT ACCELERATOR

As shown in Fig. 5, a specialized accelerator is designed
to support the inference of LLMs whose weights are quantized
into 3-bit SA-ANT. The SA-ANT weights are first decoded and
then multiplied with INT8 activations by a 128×32 multiplier
array. The 32 products in each row are compressed through
an adder tree into a single result, which is subsequently

dequantized using the group-wise INT8 scaling factor. Finally,
the dequantized result is accumulated into the partial sum stored
in the buffer at their corresponding channel locations.
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Fig. 5: Microarchitecture and dataflow of the SA-ANT accelera-
tor, consisting of a decoder (DEC) column, a multiplier (MUL)
array, an adder tree (AT) column, a dequantizer (DQ) column,
and an accumulator (ACC) column.

Decoder Column. Guided by the flag of the group-wise sub
numeric type (see Fig.4), the decoder transforms the 3-bit
SA-ANT weights into low-bit INT values. Notably, even for
SA-ANT-P that contains 64 sub numeric types, a straight-
forward combinational decoder implemented with an explicit
case enumeration results in only limited hardware overhead,
so no additional optimizations are performed. As shown in
Table I, the largest quantization point in the half grid of
SA-ANT-L is 7 (by NDS {1,1,2,3}), which indicates
that data in SA-ANT-L can always be decoded into INT4.
Likewise, the maximum possible value for SA-ANT-P is 13
(by NDS {1,4,4,4}), so it can be decoded into INT5.

Multiplier Array. The multiplier array is organized as a
systolic structure. Each multiplier executes INT4×INT8 for
SA-ANT-L and INT5×INT8 for SA-ANT-P. Each row of
32 multipliers collaboratively processes a single weight group.
The decoded weights are preloaded into local registers, and the
INT8 activations stream vertically through the array, multiply-
ing with weights from different channels in sequence.



TABLE II: Perplexity (lower is better) of diverse LLM families for 3-bit weight quantization with a group size of 32, INT8
scaling factors, and INT8 token-wise activations on WikiText-2.

Method OPT Qwen-2.5 Falcon-3 Llama-3.1 / 3.2 Mean
125M 350M 1.3B 2.7B 0.5B 1.5B 3B 7B 3B 7B 1B 3B 8B

FP16 27.65 22.00 14.62 12.47 13.07 9.27 8.03 6.85 8.02 6.11 9.75 7.81 6.24 11.68

ANT 38.64 35.42 52.31 143.18 33.80 16.77 427.27 8.94 10.97 7.34 22.55 11.92 9.44 62.97
OliVe 38.46 36.98 28.33 41.73 33.72 15.28 31.87 9.03 11.16 7.34 22.12 11.66 9.11 22.83
M-ANT 38.56 34.92 49.09 139.72 32.07 16.78 349.85 8.99 10.88 7.36 22.77 11.78 9.26 56.31
BitMod 34.29 30.11 18.88 20.95 21.30 12.33 11.53 7.97 9.77 6.85 15.43 9.87 7.80 15.93
SA-ANT-L 32.86 28.20 17.62 17.78 19.15 11.70 10.39 7.70 9.47 6.71 14.40 9.46 7.54 14.84
SA-ANT-P 31.90 27.63 17.28 15.94 17.80 11.44 10.06 7.63 9.32 6.66 13.49 9.15 7.38 14.28

V. EVALUATION

A. Perplexity and Zero-Shot Accuracy

We first compare the quantization performance of SA-ANT
with four state-of-the-art adaptive numeric types, ANT [18],
OliVe [19], M-ANT [14], and BitMod [15]. ANT and OliVe
target tensor-wise or channel-wise quantization in the original
designs. M-ANT uses FP16 activations and quantizes weights
with a group size of 64, while retaining group-wise scaling
factors in FP16. BitMod also employs FP16 activations but
quantizes weights with a group size of 128. For fair comparison,
we extend ANT and OliVe to group-wise quantization and
unify the configurations across all methods. The evaluation
covers diverse LLM families, including OPT [2], Qwen-2.5 [3],
Falcon-3 [23], and Llama-3.1 / 3.2 [4], which are quantized with
different adaptive numeric types and then assessed in terms
of perplexity on WikiText-2 [24]. Note that lower perplexity
indicates stronger language modeling ability. The results are
summarized in Table II.

It shows that in most models, OliVe achieves lower per-
plexity than ANT and M-ANT that consist of sub numeric types
constrained to strictly symmetric quantization grids. BitMod
achieves relatively low perplexity by adaptively inserting a
quantization point into the FP format, which increases its
flexibility in modeling asymmetric and non-uniform distribu-
tions. Both variants of SA-ANT deliver the lowest perplexity,
reaching performance closest to the original FP16 model while
compressing activations by 50% and weights by about 80%.
Specifically, compared to the best existing adaptive numeric
type (BitMod), SA-ANT-L and SA-ANT-P reduce the av-
erage perplexity by 1.09 and 1.65, respectively, establishing a
new state of the art for 3-bit weight quantization.

To evaluate the performance of SA-ANT under different
group sizes, we keep all other experimental settings unchanged
and increase the group size to 64 and 128. The perplexity
results of three LLMs are shown in Table III. As the group size
grows, the quantization granularity becomes coarser, leading to
degraded language modeling ability of the quantized LLMs,
as shown by the higher perplexity. For each group size, both
variants of SA-ANT consistently achieve the lowest perplexity,
demonstrating the robustness of our method in low-bit group-
wise quantization.
SA-ANT can be seamlessly integrated into software-only

quantization frameworks by substituting SA-ANT quantizer for
the original one. To illustrate the integrability of SA-ANT,

TABLE III: Perplexity (lower is better) for 3-bit weight
quantization with group sizes of 64 and 128, INT8 scaling
factors, and INT8 token-wise activations on WikiText-2.

Method OPT-125M Qwen-2.5-0.5B Llama-3.2-1B

g64 g128 g64 g128 g64 g128

ANT 44.30 61.49 51.46 74.26 30.93 52.74
OliVe 40.93 44.60 39.03 52.26 27.96 35.38
M-ANT 44.03 62.50 49.58 81.88 31.63 50.35
BitMod 39.81 49.76 26.13 32.55 18.07 20.31
SA-ANT-L 34.98 38.08 22.96 28.19 16.42 19.47
SA-ANT-P 34.18 35.45 21.27 25.34 15.31 17.50

we combine SA-ANT with AWQ [13]. AWQ is an emerging
software-only weight quantization framework that typically
employs asymmetric uniform quantization, e.g., INT3-Asym.
Different methods are evaluated on the quantized Llama-3.2-
1B by measuring perplexity on C4 [25], PTB [26], and Pile
[27]. For fair comparison, we adopt the same quantization
settings as AWQ. As shown in Table IV, incorporating SA-ANT
consistently reduces perplexity, confirming that SA-ANT is
orthogonal to AWQ. Furthermore, both variants of SA-ANT
surpass INT3-Asym in this evaluation.

TABLE IV: Perplexity (lower is better) of Llama-3.2-1B for
3-bit weight quantization, evaluated with AWQ and without it
(Naive). All experiments are conducted with a group size of
128, FP16 scaling factors, and FP16 activations.

Method C4 PTB Pile

naive awq naive awq naive awq

FP16 14.01 - 17.59 - 8.92 -

INT3-Asym 56.47 24.44 62.98 30.10 28.90 14.42
SA-ANT-L 28.05 22.15 36.19 27.42 16.05 13.37
SA-ANT-P 25.63 21.78 32.70 26.49 14.94 13.05

To further validate the effectiveness of SA-ANT, Different
adaptive numeric types are evaluated on the quantized Qwen-
2.5-0.5B (all integrated with AWQ) on five tasks, LAMBADA
[28], PIQA [29], ARC-Challenge [30], ARC-Easy [30], and
HellaSwag [31]. The zero-shot accuracy results are presented
in Table V. Across these downstream tasks, SA-ANT consis-
tently achieves higher average accuracy than existing adaptive
numeric types, highlighting its superior adaptability. Specifi-
cally, compared to prior methods, SA-ANT-L and SA-ANT-P
improve the average accuracy by 1.08%–2.73% and 3.92%–



5.57%, respectively. Compared to the original FP16 model, our
quantization framework with SA-ANT-P compresses activa-
tions by 50% and weights by about 80%, while incurring only
a 2.78% average accuracy drop.

TABLE V: Zero-shot accuracy (%, higher is better) of Qwen-
2.5-0.5B for 3-bit weight quantization with AWQ. All exper-
iments are conducted with a group size of 32, INT8 scaling
factors, and INT8 token-wise activations.

Method Lambada Piqa Arc-e Arc-c Hella Mean

FP16 52.49 70.02 58.67 32.42 52.12 53.14

ANT 40.83 65.23 51.35 28.41 43.31 45.83
OliVe 35.20 65.51 50.04 28.07 45.13 44.79
M-ANT 40.71 65.29 53.54 28.24 43.76 46.31
BitMod 36.39 65.18 54.84 29.10 46.71 46.44

SA-ANT-L 42.60 67.30 50.63 30.12 46.93 47.52
SA-ANT-P 45.24 67.52 59.93 31.23 47.86 50.36

In the unified group-wise quantization configuration used
for the experiments in Table V, the adaptive flags of M-ANT
and BitMod incur additional memory overheads of 3.8% (4
bits per group) and 1.9% (2 bits per group), respectively. In
comparison, SA-ANT-L and SA-ANT-P require 4-bit and 6-
bit flags, leading to overheads of 3.8% and 5.8%, respectively.
Considering the accuracy improvements, we argue that these
modest increases in memory costs are negligible.

B. Area and Power

We assess the hardware efficiency of SA-ANT by comparing
the area and power of its compute core with those of other
adaptive numeric types. To isolate the effect of numeric types
from variations in dataflow and quantization settings, we stan-
dardize the accelerator design across all methods. Specifically,
we employ a weight-stationary dataflow, a 128×32 multiplier
array supporting weight group sizes that are multiples of 32
(e.g., 32, 64, 128) with INT8 activations, and dequantizers
that apply INT8 scaling factors to the group-wise results. Each
accelerator is carefully optimized to ensure a fair comparison.
The compute cores of accelerators based on different adaptive
numeric types are modeled in SystemVerilog and synthesized
with Synopsys Design Compiler using TSMC 28nm CMOS
technology. The clock frequency, supply voltage, and tem-
perature are set to 500MHz, 0.9V, and 25 ◦C, respectively.
The post-synthesis design area is then reported. Subsequently,
some tiled matrix multiplications randomly sampled from the
inference of quantized Llama-3.2-1B are used as input stimuli
for the designs, which are simulated with Synopsys Verilog
Compile Simulator to generate waveforms. Finally, time-based
power analysis is performed with Synopsys PrimeTime PX
to evaluate the power of different designs. The results are
summarized in Table VI.

Among the considered designs, M-ANT incurs relatively large
area and power because it decomposes individual multiplica-
tions into multiple operations, which introduce additional data
paths. In contrast, the extra quantization points in BitMod
can be accommodated within the same decoding paradigm as
FP, resulting in relatively low hardware overhead. SA-ANT-L
achieves the lowest area and power by decoding quantized

TABLE VI: Area and power of compute cores with combina-
tional (Comb.) and sequential (Seq.) logic shown separately.

Method Area (mm2) Power (mW)

Comb. Seq. Total Comb. Seq. Total

ANT 0.463 0.320 0.783 129.1 281.6 410.7
OliVe 0.443 0.353 0.796 159.2 316.7 475.9
M-ANT 0.692 0.420 1.113 259.3 414.8 674.1
BitMod 0.373 0.295 0.668 133.6 276.7 410.3
SA-ANT-L 0.343 0.273 0.616 119.7 258.6 378.3
SA-ANT-P 0.500 0.295 0.795 166.3 279.8 446.1

weights into low-bit INT, which can be efficiently implemented
by using IPs in Synopsys DesignWare. Compared to BitMod
that attains the highest average zero-shot accuracy among
existing adaptive numeric types (see Table V), SA-ANT-L
reduces area and power by 7.84% and 7.80%, respectively,
while also delivering higher accuracy.

To analyze the compute core overhead of the SA-ANT
accelerator, we further report the area breakdown of different
components as shown in Fig. 6. The multiplier array dominates
the compute core area, while the decoders in SA-ANT-L
and SA-ANT-P contribute only a negligible portion, which
is the sole overhead introduced to support SA-ANT. With
this marginal cost, existing INT architectures can seamlessly
support SA-ANT, making it a practical extension for LLM
accelerators and enabling additional software–hardware co-
optimization opportunities.

(a) SA-ANT-L
MUL
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DEC
0.6%

AT
16.2%

DQ6.8%
ACC 3.3%

(b) SA-ANT-P

MUL
77.6%
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1.0%AT

13.7%

DQ5.2%
ACC2.6%

1
Fig. 6: Area breakdown of different components in the SA-ANT
compute cores.

VI. CONCLUSION

To address the skewed normal distributions commonly
observed in group-wise quantization, we propose a sign-
asymmetric adaptive numeric type (SA-ANT). By asymmetri-
cally partitioning the code-space, constructing half grids based
on non-decreasing sequences, and combining them into diverse
sub numeric types, SA-ANT adapts naturally to asymmetric and
non-uniform distributions. We further design an efficient accel-
erator tailored to SA-ANT. Experimental results demonstrate
that, compared to existing adaptive numeric types, SA-ANT
consistently preserves stronger language modeling performance
across different group sizes in 3-bit weight quantization, while
also remaining compatible with software-only quantization
methods. Moreover, the proposed SA-ANT accelerator achieves
higher accuracy together with substantial area savings and
power reductions.
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