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Abstract
We propose Adana, a hardware-software co-design that enables effi-

cient low-bit group-wise quantization for LLMs based on the adaptive

nonuniform asymmetric numeric type. First, Adana introduces a novel

numeric type that precisely captures the nonuniformity and asymmetry

of data within small groups. In addition, an approximatemetric for quan-

tization error is proposed to facilitate efficient implementation of online

adaptive activation quantization. Finally, a dedicated LLM acceleration

microarchitecture is developed for Adana. Compared to state-of-the-art

designs, Adana achieves 1.42×–2.10× speedups and 18.9%–48.5% power

savings on LLMs, while maintaining superior accuracy.
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1 Introduction
Large LanguageModels (LLMs) such as OPT [40], LLaMA [9, 30, 31] and

Qwen [35] have achieved unprecedented success across a wide range of

natural language processing tasks [2, 4, 22, 24, 39]. In general, increas-

ing parameter sizes leads to stronger model capability [15]. However, a

large model imposes substantial demands on memory and computation,

which becomes especially challenging on edge or portable devices with

limited storage and power budgets [8, 18, 25, 33]. As a structured com-

pression technique, quantization proportionally reduces memory usage

[21]. In addition, when both weights and activations are quantized,

most computations during inference can be performed in low-bit nu-

meric formats. Since activation–activation matrix multiplications also

occur during LLM inference [32], employing unified low-bit hardware

inevitably requires quantizing activations as well, underscoring the

importance of online quantization [7, 10, 17, 34]. Given the long-tailed

data distribution in LLMs [5, 6, 38], group-wise quantization assigns a

scaling factor to each group, effectively isolating outliers and prevent-

ing them from degrading the quantization resolution of the remaining
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values [3, 12, 16, 23]. Compared to tensor-wise or channel-wise quanti-

zation schemes, this strategy significantly reduces quantization error,

especially at low bit widths.

Table 1: Comparison of adaptive numeric types.

Property ANT M-ANT BitMod Adana

weight precision 4/8 4 3/4 3/4
activation precision 4/8 4/8 16 3/4
group size – 64 128 16-128

nonuniformity medium high medium medium

asymmetry low low medium high

adaptation method search mapping search rounding

quantization efficiency low medium low high

Group-wise quantization increases the diversity of statistical char-

acteristics within each group. To address this, adaptive numeric types

have been proposed [3, 12]. They assign different sub numeric types to

each group based on its distribution, thereby reducing quantization er-

rors. However, existing adaptive methods still have several limitations,

as shown in Table 1. First, they overlook small groups and fail to exploit

their data distributions; notably, they do not adapt well to asymmetric

data that we find to be common in group-wise quantization [3, 11, 12].

Second, they insufficiently address low-bit activation quantization and

do not provide efficient online quantization units.

To tackle these issues, we propose Adana, a hardware-software co-
design featuring adaptive nonuniform and asymmetric quantization.

Our main contributions are summarized as follows.

• Based on the analysis of the distributional characteristics of small

groups in LLMs, we introduce the Adana numeric type, which better

captures their inherent nonuniformity and asymmetry.

• We propose the Adana quantization framework with a focus on

optimizing the online adaptive quantization unit.

• We design the Adana microarchitecture to accelerate LLMs through

low-bit group-wise quantization.

• Adana is evaluated on multiple LLMs in terms of accuracy and hard-

ware performance, demonstrating higher accuracy along with lower

latency and energy consumption compared to existing low-bit group-

wise quantization accelerators.

2 Background and Motivation
2.1 Quantization Basics
Let xf ∈ R𝐺 denote a vector consisting of 𝐺 elements. Quantization

can be viewed as approximating xf using discrete values belonging to

a numeric type 𝑇 . This projection can be written as

xq = 𝑞(xf ,𝑇 ) = argmin

t
∥t − xf

𝛥
∥, t ∈ 𝑇 𝐺 , (1)

where 𝛥 is a shared scaling factor that maps all elements of xf into the

representable range of 𝑇 . The corresponding dequantization process

simply applies the inverse scaling as

xqf = 𝛥 · xq ≈ xf . (2)
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In LLM inference, the dominant computation is matrix multiplication,

which consists of vector dot products [7, 33]. An important observation

is that dequantization does not need to occur element-wise prior to the

dot product. Because all values within the vector share the same scale,

the scaling can be deferred until the dot product is completed. Formally,

the dot product of an activation vector af and a weight vector wf can
be reformulated as

af ·wf ≈ aqf ·wqf = 𝛥𝑎 ·𝛥𝑤 ·
(
aq ·wq

)
, (3)

where 𝛥𝑎 and 𝛥𝑤 are the scaling factors for af and wf , respectively.
Thus, all intermediate arithmetic remains within the domain of𝑇 , while

the dequantization is applied only once. This property is key to enabling

efficient low-bit hardware acceleration.

2.2 Adaptive Numeric Types
An adaptive numeric type T provides𝑀 selectable sub numeric types

{𝑇0,𝑇1, . . .} that can be adaptively selected by each quantization group.

ANT [11] selects four sub numeric types by minimizing the quantization

error that is measured as the Euclidean distance between the original

floating-point vector and its dequantized reconstruction, i.e.,

𝑇 = argmin

𝑇𝑚

∥xf − 𝛥 · 𝑞(xf ,𝑇𝑚)∥2, 𝑇𝑚 ∈ T, (4)

This indicates that ANT chooses the sub numeric type that yields the

lowest mean squared error (MSE). M-ANT [12] adopts 16 mathematically

derived sub numeric types, each tailored to a specific variance range.

Rather than explicitly computing the MSE, M-ANTmatches the variance

of the normalized data to pre-defined intervals as

𝑇 = 𝑇𝑚 s.t. Var ◦ norm(xf ) ∈ [𝑏𝑚, 𝑏𝑚+1), 𝑇𝑚 ∈ T, (5)

which reduces the computational overhead and enables efficient on-

line quantization. BitMod [3] exploits redundant zero encodings to

introduce four sub numeric types on top of the FP format. Its selection

strategy follows the same MSE-based criterion as ANT.

2.3 Motivation
To analyze the data characteristics of LLMs, we sample weight values

from the first layer of Llama-3.2-1B [9] using different group sizes

(ranging from 2048 to 16). Figure 1 depicts eight data distribution plots

for each group size. When the group size is large, the statistics of each

group tend to form a stable, zero-mean Gaussian distribution, which

aligns with the Central Limit Theorem (CLT). This property explains

why channel-wise quantization with𝐺 = 2048 or coarse-grained group-

wise quantization with 𝐺 > 32 mainly requires the numeric type to

adapt to the nonuniformity of the data distribution. However, as the

group becomes smaller (𝐺 ≤ 32), the CLT approximation no longer

holds. The resulting distributions diverge significantly and exhibit two

prominent forms of asymmetry: 1○ asymmetric data ranges, and 2○
biased distribution peaks.
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1Figure 1: Data distribution characteristics across different group sizes.

However, existing quantization methods implicitly assume that the

data distribution within each group is roughly symmetric, and therefore

adapt only to the nonuniformity of the data. For example, both ANT and
M-ANT employ strictly symmetric sub numeric types whose distribution

peaks are fixed at zero. As shown in Figure 2, this constraint prevents

them from capturing the asymmetric characteristics of small-group data,

leading to substantial quantization errors. Although BitMod improves

the alignment between the FP format and the empirical distribution, the

inherent symmetry of the original quantization points (shown in grey)

still prevents BitMod from accommodating diverse asymmetric ranges

or biased peaks, resulting in a non-negligible mismatch in practice.
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Figure 2: Comparison of quantization using adaptive numeric types.

Although introducing a zero point to plain INT enables INT-Asym to

better match asymmetric data ranges, its uniform grid lacks the ability

to assign a finer quantization resolution around the peak region of the

data distribution, as shown in Figure 2. Existing adaptive numeric types

also fall short, because they cannot incorporate a zero point to capture

asymmetry, for two main reasons. First, when the entire quantization

grid is biased to align with the data range, the high-resolution region

remains fixed at the grid center. This is unsuitable when the actual

peak lies closer to one side. Second, introducing a zero point adds a

bias to both operands in arithmetic operations, which prevents the use

of shift-based multiplication techniques in ANT, M-ANT, and BitMod.
To address this limitation, we propose an adaptive nonuniform asym-

metric numeric type, Adana, which simultaneously captures the two

key distribution characteristics of small-group data. Adana employs

a unified and carefully designed rule to generate sub numeric types

that adapt to diverse distribution patterns, while maintaining high

computation and quantization efficiency. As shown in Figure 2, Adana
effectively captures both the asymmetric range and the peak position

for small-group data with different characteristics, achieving the lowest

quantization error.

3 Adana Numeric Type
3.1 Formulation of the Adana Numeric Type
Since introducing a zero point can effectively align with asymmetric

data ranges, we focus on designing an adaptive high-resolution grid in-

dependent of the numeric range, while a base grid maintains invariance

with respect to bias operations. We construct𝑀 sub numeric types as

𝑇Adana−𝑚 = {0, . . . , 𝑁int−1} ∪ {𝑚+ 𝑓 +0.5 | 𝑓 = 0, . . . , 𝑁
frac
−1 }, (6)

where 𝑁int specifies the number of integer points in the base grid, and

𝑁
frac

specifies the number of half-step points that form the movable

high-resolution grid. The index𝑚 (ranging from 0 to𝑀−1) of each sub

numeric type determines the starting location of the high-resolution

grid with respect to the base grid.

Figure 3 shows a 3-bit Adana numeric type with (𝑀, 𝑁int, 𝑁frac
)

being (4, 6, 2). It can be seen that the high-resolution grid is decoupled

from the base grid and can be placed freely. Consequently, biasing the

high-resolution grid (see Figure 3 (a)) to track the peak positions and

biasing the base grid (see Figure 3 (b)) to match asymmetric data ranges

become two independent adaptive mechanisms.
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Figure 3: Overview of the formulation of the 3-bit Adana numeric type.

For a given quantization bit width 𝐵, the total number of available

quantization points is fixed to 2
𝐵
. In addition, an implicit requirement

is that the high-resolution grid must be able to sweep across the entire

base grid, as shown in Figure 3 (a). Consequently, the three parameters

of Adana are inherently coupled, satisfying

𝑁int + 𝑁frac
= 2

𝐵
and 𝑁int = 𝑁

frac
+𝑀. (7)

This indicates that once the bit width 𝐵 is specified, both 𝑁int and 𝑁frac

can be determined by the number of sub numeric types𝑀 . To balance

the relative coverage of the high-resolution grid within the base grid,

we set𝑀 = 2
𝐵−2

, which uniquely defines the Adana numeric type for

each bit width. For example, (𝑀, 𝑁int, 𝑁frac
) for 3-bit and 4-bit Adana

numeric types are (4, 6, 2) and (8, 12, 4), respectively.

3.2 Mapping
To map the binary encoding to the Adana numeric type, a direct and

codec–friendly rule is devised, i.e., the encodings smaller than 𝑁int

are directly mapped to the integer points with the same value, while

the remaining encodings are mapped sequentially to the 𝑁
frac

half-

step points. When the zero point is taken into account, the decoding

procedure can be formulated as shown in Algorithm 1. We first deter-

mine whether the encoding 𝑥 corresponds to an integer grid point or a

half–step grid point by examining the difference 𝑓 . If 𝑓 is negative, the

encoding belongs to the integer grid, and the raw decoded value 𝑢 is

the integer represented by 𝑥 . Otherwise, 𝑓 indexes into the half-step

grid, and we compute 𝑢 as per (6). Finally, we add the zero point 𝑧 to

the raw decoded value 𝑢 to obtain the final decoded value.

Algorithm 1 Decoding procedure for the Adana numeric type

Input: Encoded value 𝑥 ; group-wise zero point 𝑧, Adana mode𝑚; 𝑁int.

Output: Decoded value.

1: function Decode (𝑥 ;𝑧,𝑚;𝑁int)

2: 𝑓 ← 𝑥 − 𝑁int ⊲ Determine point type
3: if 𝑓 < 0 then 𝑢 ← 𝑥 ⊲ Integer point: forward integer encoding
4: else 𝑢 ←𝑚 + 𝑓 + 0.5 ⊲ Half-step point: add mode offset and half-step
5: return 𝑢 − 𝑧

4 Adana Quantization Framework
4.1 Offline Weight Quantization
Since weight quantization can be performed offline, we use the same

MSE-based criterion as (4) to search for the most suitable Adana sub

numeric type for each weight group, and then quantize each element

by selecting the closest discrete point within that sub numeric type,

as in (1). As the adaptive quantization of different weight groups can

be fully parallelized, GPUs enable highly efficient offline quantization.

Specifically, on a single NVIDIA 3090 GPU, quantizing all weights of

Llama-3.1-8B [9] to 3-bit and 4-bit Adana numeric types takes only 15.8

and 48.7 seconds, respectively.

4.2 Online Activation Quantization
Efficient Online Adana Quantization Algorithm. Since activations are
generated on the fly, an efficient adaptive quantization strategy is re-

quired to simplify the quantization unit. The naive adaptive selection

method described in (4) requires instantiating𝑀 quantizers and𝑀 MSE

computing units, resulting in substantial floating-point operations. In

addition, the nonuniform grids prevent direct use of rounding for quan-

tization. Selecting the closest discrete value within a sub numeric type

requires value-by-value comparisons, which are inherently inefficient

in hardware. Thus, we refine this strategy by exploiting the structural

properties of the Adana numeric type to avoid repeated quantization

and repeated MSE computing across different sub numeric types.

A key property of the Adana formulation is that all sub numeric

types share the same base grid, i.e., the same quantization range. This is

significantly different from other adaptive numeric types and eliminates

the need to scale the original data to multiple ranges. The distinction

among different Adana sub numeric types lies solely in the placement of

their high-resolution grids. Consequently, when one Adana sub numeric

type is said to outperform another, the statement essentially means that

its high-resolution grid placement yields a lower quantization error.

We observe that the union of the base grid with all high-resolution

grids gives rise to a new numeric type, denoted as ∪𝑇𝑚 . The quantiza-

tion error on ∪𝑇𝑚 provides a lower bound for the quantization error of

any individual Adana sub numeric type. Motivated by this, we propose

to use the quantized values on ∪𝑇𝑚 as a proxy for the original data to

approximate the quantization error of each Adana sub numeric type.

Accordingly, the adaptive selection process is approximated as

𝑇 = argmin

𝑇𝑚

∥𝑞(xf ,
𝑀−1⋃
𝑚=0

𝑇𝑚) − 𝑞(xf ,𝑇𝑚)∥2, 𝑇𝑚 ∈ T. (8)

Using this approximate metric avoids floating-point MSE computing.

Since each error is either 0 or 0.5, the comparison is simplified as

counting the number of input elements that incur quantization errors.

Algorithm 2 Online Adana quantization algorithm

Input: Biased and scaled floating-point vector x = [𝑥0, . . . , 𝑥𝐺−1 ]; Adana con-
figuration 𝑁int, 𝑁frac

, and𝑀 .

Output: Encoded vector y = [𝑦0, . . . , 𝑦𝐺−1 ] and Adana index𝑚.

1: function Quant(x;𝑁int, 𝑁frac
, 𝑀)

2: e← 0 ⊲ Initialize the error table
3: for 𝑘 = 0 to𝐺 − 1 do ⊲ Sequential over input elements
4: 𝑞𝑘 ← round(𝑥𝑘 ) ⊲ Integer rounding
5: 𝑝𝑘 ← round(2 · 𝑥𝑘 )/2 ⊲ Half-step rounding
6: for 𝑗 = 0 to𝑀 − 1 do ⊲ Parallel across sub numeric types
7: if frac(𝑝𝑘 ) ≠ 0 and int(𝑝𝑘 ) ∉ [ 𝑗, 𝑗 + 𝑁frac

) then
8: 𝑒 𝑗 ← 𝑒 𝑗 + 1
9: 𝑚 ← argmin𝑗 𝑒 𝑗 ⊲ Select the index with minimal error
10: for 𝑘 = 0 to𝐺 − 1 do ⊲ Parallel across rounding results
11: if frac(𝑝𝑘 ) ≠ 0 and int(𝑝𝑘 ) ∈ [𝑚, 𝑚 + 𝑁

frac
) then

12: 𝑦𝑘 ← int(𝑝𝑘 ) −𝑚 + 𝑁int

13: else
14: 𝑦𝑘 ← 𝑞𝑘
15: return (y,𝑚)

Building on this metric, we further optimize the online quantization

algorithm for Adana, as shown in Algorithm 2. Assume the input vector

x has already been biased and scaled following the same procedure as

used in INT-Asym. In Line 2, an error table e is maintained for all Adana
sub numeric types. Each entry of e records the number of quantized

outputs under the corresponding sub numeric type that differ from

those under ∪𝑇𝑚 . In the first loop, each input of the group is rounded to

its nearest integer and nearest 0.5, respectively, as indicated in Lines 4

and 5. If the 0.5-rounded value happens to be an integer, the table e is
unchanged because every sub numeric type can represent this value
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Figure 4: Overview of the Adana accelerator, consisting of on-chip SRAM buffers, an MM engine, and a QUANT engine.

exactly. If the 0.5-rounded value is not an integer, sub numeric types

whose high-resolution grids do not contain this value cannot represent

it precisely and incur an error; therefore, the corresponding entries

in e are updated in parallel, as shown by the inner loop in Line 6.

Once all inputs in the group have been processed, the sub numeric

type with the smallest error entry is selected, as shown in Line 9. In

the loop in Line 10, each element in the group is encoded in parallel

with the selected sub numeric type. If the 0.5-rounded value is not an

integer and falls within the high-resolution grid, we encode it as per

(6). Otherwise, the element lies in the base grid and is encoded directly

as the integer-rounded value.

Quantization Layout for the KV Cache. To ensure that the grouping

direction in thematrixmultiplications used for the attentionmechanism

is aligned with the direction of the associated vector dot products, we

quantize the 𝐿 key vectors and 𝐿 value vectors in the KV cache along

different axes, where 𝐿 denotes the sequence length. Since each key

vector independently participates in a dot product with the query vector

of the current token, grouping only needs to be applied within each

individual key vector. In contrast, the components of the value vectors at

the same positions participate in a weighted vector dot product with the

attention scores to form the aggregated output. To enable the efficient

computation illustrated in (3), the grouping dimension for the value

cache must therefore follow the sequence dimension. As the sequence

length 𝐿 grows during generation, wemaintain a temporary FP16 buffer
for newly generated value vectors. When the number of appended value

vectors is smaller than one full group, this buffer is quantized at each

update. Once the buffer accumulates an entire group, we quantize the

group and then clear the temporary FP16 buffer, retaining only the

low-precision Adana numeric types for that group.

5 Adana Microarchitecture
Accelerator and Dataflow. To accelerate the matrix multiplication (MM)

under low-bit group-wise quantization in LLM inference, we propose

the Adanamicroarchitecture incorporating a scalable accelerator and an

optimized dataflow. As shown in Figure 4, the Adana accelerator consists
of an MM engine and a QUANT engine, together with on-chip SRAM

buffers. The unquantized activations are first processed by the QUANT

engine and converted into low-bit Adana values. Once all inputs are

quantized, the left-hand-side matrix is loaded into the MM engine. After

passing through a column of decoders (DEC), the data are distributed

across tiles and stored within the processing element (PE) arrays. Each

tile contains 16 PE columns, matching the minimum group size of

16, and all PEs in a row within a tile store the decoded Adana values

belonging to the same quantization group. The right-hand-side matrix

is then streamed from the top of the MM engine. After decoding, the

data are sent to the PE arrays and then multiplied row-by-row with the

locally stored values. Within each tile, the 16 multipliers in every row

operate in parallel. Their outputs are forwarded in the following cycle

to a column of adder trees (AT). The resulting sums are subsequently

passed to a column of dequantizers (DQ), where they are converted

back to higher-precision values using the scaling factors corresponding

to the two groups involved in the dot product. Finally, the dequantized

results from all tiles are forwarded to a column of accumulators (ACC)

to update the buffered partial sums. In addition, the number of tiles in

the MM engine, the number of rows in each PE array, and the number

of quantization units in the QUANT engine are configurable, enabling

architectural scalability.

MM Engine. On the left side of the MM engine, each DEC processes

one quantization group sequentially, so different DECs receive differ-

ent group-wise parameters, including the Adana mode, zero point, and

bit width configuration. On the top side of the MM engine, each tile

contains 16 DECs that operate in parallel to decode one group, and

these DECs share the same group-wise parameters. A 4-bit Adana value
ranges from 0 to 11 with one fractional bit. After decoding, it is inter-

preted as a fixed-point number in the range of [−11, 11], which requires
6 bits (5 integer bits and 1 fractional bit). Similarly, a 3-bit Adana value is
interpreted as a fixed-point number in the range of [−5, 5], requiring 5

bits. In this way, Adana values of different precisions can all participate

in subsequent operations in the INT format.

QUANT Engine. The quantization unit adopts a two-stage pipeline. All

FP16 values within the same group enter the first stage sequentially,

where they are buffered while the running min/max values are updated.

After the entire group is loaded, the buffered data are transferred to

the input registers of the second stage, allowing the min/max module

to begin processing the next group. In the second stage, a floating-

point divider and subtractor first compute the scaling factor and zero

point based on the min/max values. These two floating-point units are

then reused to apply subtraction and scaling to each buffered FP16
value. After being mapped into the valid Adana range, each value is

passed through two rounding units, producing integer-rounded and

0.5-rounded candidates and updating their corresponding error en-

tries, as per Algorithm 2. Once all FP16 inputs in the current group

are processed, the sub numeric type for the group can be selected.

In the next cycle, all results are encoded in parallel using the cached

integer-rounded and 0.5-rounded candidates. Throughout this process,

the floating-point datapath requires only a divider and a subtractor,

mirroring the basic requirements of INT-Asym quantization.

6 Experiments
6.1 Accuracy Evaluation
Comparison with Adaptive Quantization Schemes. To enable a like-for-

like evaluation of Adana, we compare it against three state-of-the-art
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Table 2: Perplexity (lower is better) of 15 LLMs under W4/A4 and W3/A3 quantization with group size 16 using different adaptive numeric types.

W/A Method
Llama-3.1/3.2 Phi-1.5/2/3 Yi-1.5 Gemma-2/3 Qwen-3

Average

1B 3B 8B 1.3B 2.7B 4B 6B 9B 34B 1B 2B 4B 4B 8B 14B

16/16 FP16 9.75 7.81 6.24 21.82 9.71 6.01 5.73 5.48 4.90 10.58 8.71 7.38 7.90 6.99 6.38 8.36

4/4

INT-Asym 12.44 8.70 6.95 23.18 11.84 6.94 6.18 5.92 5.16 12.33 9.32 8.22 8.62 7.70 6.83 9.36

ANT 12.78 8.90 7.10 23.05 11.82 7.00 6.18 5.93 5.15 11.83 9.36 7.94 8.69 7.61 6.95 9.35

M-ANT 13.07 8.82 7.02 23.23 12.02 7.08 6.22 5.98 5.17 12.32 9.35 8.19 8.75 7.71 6.88 9.45

BitMod 12.33 8.69 6.93 23.10 12.11 6.70 6.13 5.88 5.09 11.94 9.27 8.08 8.59 7.53 6.79 9.28

Adana 11.55 8.44 6.78 22.61 11.04 6.58 6.06 5.74 5.08 11.55 9.12 7.95 8.44 7.43 6.66 9.00

3/3

INT-Asym 112.66 26.12 12.49 30.01 18.30 12.53 8.95 8.61 6.15 35.79 13.54 12.18 14.43 11.81 15.77 22.62

ANT 471.14 57.45 35.79 37.79 26.79 29.25 14.70 14.89 7.13 86.58 19.03 17.43 28.75 20.05 39.08 60.39

M-ANT 990.75 80.03 45.40 43.22 26.26 48.68 20.60 25.08 7.88 118.59 22.30 19.77 41.31 25.55 40.91 103.76

BitMod 98.80 18.54 11.65 28.52 19.41 11.57 8.52 8.16 5.96 25.87 12.57 11.57 13.31 11.01 11.33 19.79

Adana 53.95 13.17 10.31 26.98 17.07 10.12 7.93 7.54 5.73 21.60 11.65 10.52 11.59 10.12 9.27 15.17

adaptive numeric types, ANT [11], M-ANT [12], and BitMod [3]. For ref-
erence, we also include INT-Asym, which provides adaptivity through

zero-point offsets. In their original designs, ANT employs tensor-wise

quantization, whereas M-ANT and BitMod quantize weights with group

sizes of 64 and 128, respectively, and keep activations in FP16 or INT8.
For a fair and consistent comparison, all methods are configured with

the same group size, apply joint weight-activation quantization (in-

cluding KV caches and attention scores), and adopt INT8 group-wise
scaling factors. This unified configuration provides a comprehensive

and equitable basis for evaluating Adana and existing adaptive numeric

types in low-bit group-wise LLM inference.

We first evaluate the perplexity on WikiText-2 [19] for the above

methods using 15 LLMs from five model families [9, 13, 28, 35, 36],

with a group size of 16. As shown in Table 2, M-ANT performs worse

than ANT, primarily because its variance-based online adaptive quanti-

zation overly approximates the selection process, leading to suboptimal

choices. Among existing methods, BitMod achieves the best perfor-

mance for most models due to its limited yet meaningful ability to

adapt to asymmetric distributions. Across different quantization bit

widths and model architectures, Adana consistently attains the low-

est perplexity, benefiting from its ability to simultaneously adapt to

both nonuniformity and asymmetry of the data under small group

sizes. Specifically, compared to the strongest baseline, BitMod, Adana
reduces the average perplexity by 0.28 for W4/A4 quantization and 4.62

for W3/A3 quantization. Furthermore, when focusing on relatively small

models, the improvement becomes more pronounced, as larger models

inherently tolerate quantization errors better across all methods. This

highlights the potential of Adana for improving low-bit LLM inference

accuracy on edge or portable devices.

The same trend can be observed in the zero-shot accuracy eval-

uated on LAMBADA [22], PIQA [2], ARC-Easy [4], ARC-Challenge

[4], HellaSwag [39] and their average for Mistral-7B-v0.3 [14] under

W3/A3 quantization, as shown in Table 3. Compared to existing meth-

ods, Adana improves the average accuracy across five datasets by 2.00%

to 16.34%, further narrowing the gap between 3-bit quantized and the

original floating-point models on downstream tasks.

Table 3: Zero-shot accuracy (higher is better) of Mistral-7B-v0.3 under
W3/A3 quantization with group size 16.

Method Lambada Piqa Arc-e Arc-c Hella Average

FP16 75.32 82.26 78.24 52.22 80.43 73.69

INT-Asym 65.73 76.88 69.53 43.43 75.50 66.21

ANT 55.72 71.49 59.05 37.71 66.25 58.04

M-ANT 52.41 64.96 50.93 32.00 59.05 51.87

BitMod 66.68 75.57 68.14 42.49 75.14 65.60

Adana 68.35 77.48 72.31 45.65 77.24 68.21

Although quantization using a smaller group size can improve the

accuracy, it requires proportionally more memory for group-wise quan-

tization parameters. To further assess how these adaptive numeric

types perform under different additional memory budgets, we measure

their perplexity on WikiText-2 across a range of group sizes using

Falcon-3-7B [27], as shown in Table 4. Under W4/A4 quantization with

relatively large group sizes (e.g., 128), INT-Asym yields the highest

perplexity. In this scenario, the benefits of adapting to distribution

nonuniformity are greater than asymmetry, yet INT-Asym fails to cap-

ture the nonuniformity. With smaller group sizes (e.g., 32 or 16) or

under lower-bit quantization (W3/A3), INT-Asym performs better and

surpasses ANT and M-ANT that cannot adapt to asymmetry. Across all

group sizes, Adana consistently achieves the lowest perplexity. Notably,
decreasing the group size brings perplexity closer to floating-point

results. For example, when using Adana, reducing the group size from

32 to 16 lowers the perplexity increase of Falcon-3-7B from 0.29 to 0.18

under W4/A4, and from 1.77 to 1.04 under W3/A3. These results suggest
that hardware architectures should support group sizes as small as 16.

Indeed, NVIDIA’s Blackwell architecture [29] via the 4-bit NVFP format

[1] already provides support for groups of 16 values per scale.

Table 4: Perplexity (lower is better) of Falcon-3-7B with group sizes
from 16 to 128. The perplexity of FP16 baseline is 6.11.

Method
W/A 4/4 W/A 3/3

16 32 64 128 16 32 64 128

INT-Asym 6.38 6.52 6.77 7.23 7.64 8.99 13.07 31.67

ANT 6.39 6.52 6.66 6.82 8.88 12.30 24.99 89.45

M-ANT 6.40 6.58 6.80 7.15 10.22 13.54 29.00 109.95

BitMod 6.36 6.46 6.62 6.82 7.43 8.31 10.15 15.70

Adana 6.29 6.40 6.55 6.74 7.15 7.88 9.30 13.12

Comparison with Microscaling Formats. By using a shared scaling factor
for all elements within a block, microscaling formats preserve dynamic

range and numeric precision at low bit widths. In essence, they can

be regarded as a form of group-wise quantization. We consider two

microscaling formats with a group size of 32, MXINT/MXFP [23], and

two with a group size of 16, NVINT/NVFP [1]. Adana is configured with

the same respective group sizes to ensure a fair comparison. We apply

these methods to quantize Llama-2-7B/13B [31] to W4/A4 and W3/A3,
and evaluate their perplexity on WikiText-2. The results are summa-

rized in Table 5. Both NV formats achieve lower perplexity than the

MX formats, due to their smaller group size and FP8 group-wise scal-

ing. The FP variants consistently outperform their INT counterparts,

as they better capture nonuniformities in the data distribution. Under

the W4/A4 setting, Adana attains the lowest perplexity, outperforming

the strongest microscaling method, NVFP. This gain stems from the

adaptability of Adana to accommodate diverse nonuniform and asym-

metric data distributions. Under the more challenging W3/A3 setting,
both MX formats fail to produce usable perplexity, and even NVFP incurs
significant perplexity increases relative to the floating-point baseline.

In contrast, Adana, with a group size of 16, increases perplexity by only

1.89 and 1.39 on the 7B and 13B models, respectively.

Comparison with Outlier-Aware Quantization Methods. We compare

Adana with group sizes of 128 and 16 with three existing outlier-aware

quantization methods, HotaQ [26], Oltron [34], and DuoQ [37], in terms

of perplexity on WikiText-2. The evaluation covers W4/A4 quantized
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Table 5: Perplexity (lower is better) of Llama-2-7B/13B using microscal-
ing formats and Adana quantization.

Size FP16 W/A MXINT MXFP NVINT NVFP Adana§ Adana¶

7B 5.47
4 8.88 7.23 6.29 6.06 5.85 5.71

3 3622.26 683.12 38.85 19.71 8.85 7.36

13B 4.88
4 7.08 6.37 5.52 5.35 5.15 5.06

3 962.23 334.87 19.20 11.48 7.69 6.27

§𝐺 = 32, matching MXINT/MXFP ¶ 𝐺 = 16, matching NVINT/NVFP

OPT [40] and Llama [30] models. As shown in Table 6, with a marginal

memory overhead (an equivalent bit width of 4.125), Adana (lossy)

outperforms state-of-the-art W4/A4 outlier-aware quantizationmethods.

Notably, when a moderate level of group-wise quantization overhead is

allowed, Adana (lossless) achieves lower perplexity, with less than a 0.2

increase compared to the floating-point baseline across all evaluated

models, while still reducing memory usage by roughly 70%.

Table 6: Perplexity (lower is better) of OPT and Llama model families
using W4/A4 quantization methods.

Model Size FP16 HotaQ Oltron DuoQ Adana† Adana‡

OPT

13B 10.12 13.90 11.35 11.60 10.70 10.32

30B 9.56 11.02 10.51 10.44 9.97 9.75

66B 9.34 11.29 10.49 10.21 9.90 9.54

Llama

13B 5.09 9.07 8.20 5.89 5.54 5.23

30B 4.10 7.39 6.68 5.14 4.75 4.28

65B 3.53 6.02 5.82 4.23 4.05 3.67

† lossy,𝐺 = 128 ‡ lossless,𝐺 = 16

6.2 Hardware Evaluation
Comparison of Online Quantization Units. We evaluate the efficiency

of Adana by comparing the area and power of quantization units with

those of other adaptive numeric types. In this evaluation, all designs

take a sequence of FP16 inputs and support quantization into their

corresponding 4-bit and 3-bit numeric types. INT-Asym, ANT, BitMod,
and Adana require two passes over the FP16 inputs, one for extracting

the min/max values and the other for adaptive quantization. M-ANT
requires an additional pass, due to its variance-based adaptive process.

In all designs, the stages are pipelined and optimized to ensure com-

parable throughput. All quantization units are implemented in Verilog

with Synopsys DesignWare floating-point arithmetic IPs. Synthesis is

performed by Synopsys Design Compiler using a 28 nm CMOS tech-

nology at 25
◦
C, 0.9 V, and a 500MHz clock. The generated netlists

are then used to estimate power consumption using Synopsys Prime-

Time PX. The experimental results are shown in Table 7. As observed,

INT-Asym that employs the simplest rounding strategy, achieves the

smallest area and power. In contrast, ANT and BitMod that minimize

quantization MSE incur significantly higher hardware overhead due

to the need for parallel quantization and MSE computation across four

sub numeric types. Although M-ANT supports 16 sub numeric types, its

variance-based adaptive mechanism simplifies the selection into a direct

mapping from the variance value, resulting in relatively low hardware

cost. Finally, Adana reduces the area and power of quantization units

by 65.40% and 66.75%, respectively, compared to the strongest accuracy

baseline BitMod.

Table 7: Area (𝜇m2) and power (mW) of different quantization units.

Metric INT-Asym ANT M-ANT BitMod Adana

Area 4,171.0 14,328.1 7,828.9 14,931.3 5,165.9

Power 2.43 8.22 3.90 8.42 2.80

Area Breakdown of Adana Accelerator. We prototype an instance of the

Adana accelerator, featuring 512 KB of SRAM, a QUANT engine with

64 quantization units, and an MM engine composed of four tiles (4096

PEs in total). The SRAM characteristics are modeled using CACTI [20].

The MM engine is implemented and synthesized following the same

methodology used for the quantization units. Figure 5 shows the area

breakdown of the components in the Adana accelerator.

(a) Accelerator

MM

29.4%

QUANT10.4%
SRAM

60.2%

(b) MM Engine

DEC0.5% PE

60.7%

AT
10.5%

DQ

21.9%

ACC6.4%

1
Figure 5: Area breakdown of components in the Adana accelerator.

Comparison of Accelerator Performance. We develop a cycle-level sim-

ulator to evaluate the performance of different accelerators on four

LLMs. The simulator uses SRAM parameters from CACTI and power

results estimates from PrimeTime PX. During simulation, all accelera-

tors are configured with the same on-chip SRAM and off-chip DDR. To

ensure iso-area accelerators, we adjust the number of PEs in each design

according to its area overhead. The speedup and normalized energy

are summarized in Figure 6. On average, Adana achieves 1.68×, 2.10×,
and 1.42× speedups, along with energy reductions of 32.81%, 45.85%,

and 17.91%, compared to ANT, M-ANT, and BitMod, respectively. These
improvements stem from Adana’s efficient QUANT engine, simplified

PE architecture, and reduced partial-sum bit width. Compared to the

reference design INT-Asym, Adana introduces only marginal hardware

overhead, leading to average latency and power increases of 3.50% and

4.79%, respectively. Compared to the FP16 accelerator without QUANT

engine, Adana reduces memory footprint by about 70% while achieving

a 4.32× speedup and an 81.87% reduction in energy.

Llama-3.1-8B Phi-2-2.7B Gemma-3-4B Qwen-3-14B

(a) Comparison of speedup.
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(b) Comparison of normalized energy.
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Figure 6: Speedup and normalized energy of different accelerators.

7 Conclusion
To address the nonuniform and asymmetric data characteristics that

arise in group-wise quantization for LLMs, this paper introduces Adana,
comprising an adaptive nonuniform asymmetric numeric type, an effi-

cient quantization framework, and an acceleration microarchitecture.

With a carefully designed strategy, Adana adaptively identifies the

appropriate data range and allocates higher resolution to the critical

portion of the distribution, achieving lower quantization error than

existing methods. Adana also delivers significantly improved online

quantization efficiency, enabled by the proposed appropriate adaptive

algorithm. Experimental results show that, compared to existing meth-

ods, Adana improves the accuracy of 4-bit and 3-bit weight-activation

quantization, further narrowing the gap between low-bit fully quan-

tized LLMs and their original FP16 counterparts. Meanwhile, Adana
demonstrates notable speedups and energy savings across multiple

LLMs, compared to state-of-the-art quantization schemes.
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