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Abstract—Large language models (LLMs) deliver strong nat-
ural language processing performance, but ever-growing param-
eter counts strain memory and power budgets for on-device
deployments. Quantization alleviates these costs; however, the
outlier-heavy statistics of LLM activations and weights force
calibration-based static schemes to retain high-precision fallbacks
for dynamically varying values, yielding heterogeneous execution
paths and overheads. Microscaling (MX) applies blockwise dy-
namic quantization with a per-block shared exponent, achieving
a homogeneous execution path. Nevertheless, at 4-bit precision,
prior work faces three limitations: (i) fixed bins fail to capture
block-specific distributions and outliers; (ii) quantization error
due to the limited resolution of shared-exponent scaling; and
(iii) a lack of co-design approaches that balance model quality
and hardware efficiency. We propose BOLD-Q, an HW/SW co-
design quantization framework that combines the logarithmic
number system (LNS) with MX. BOLD-Q introduces blockwise
Dual-Bias—selected statically for weights via candidate search
and dynamically computed for activations—to shift and refine
per-block quantization bins, while LNS-based scaling improves
distributional fit. On LLaMA-2 7B, BOLD-Q limits perplexity
increase to +0.32 (W4/A8) and +0.60 (W4/A4), outperforming
same-precision baselines. We further design an LNS-MAC sys-
tolic array with a lightweight preprocessing row that derives and
broadcasts Dual-Bias, eliminating per-PE bias units; within the
array, multiplies become log-domain additions, and rescaling is
adder-based. Compared with a baseline, BOLD-Q reduces area
by up to 34.0% and energy by 21.4%, enabling a homogeneous,
on-device-friendly, low-precision execution path for LLMs. The
code is available at https://github.com/IDSL-SeoulTech/BOLD-Q.

Index Terms—Large language models, Quantization, Mi-
croscaling, Logarithmic Number System, Systolic arrays

I. INTRODUCTION

Recent advances in high-performance hardware and training
infrastructure have accelerated the proliferation of large lan-
guage models (LLMs), delivering strong performance across
diverse natural language processing tasks [1]–[10]. However,
these gains have largely been achieved by scaling model
size, driving memory and compute requirements to grow

This research was partly supported by Artificial intelligence industrial
convergence cluster development project funded by the Ministry of Science
and ICT(MSIT, Korea)&Gwangju Metropolitan City and K-CHIPS (Korea
Collaborative & High-tech Initiative for Prospective Semiconductor Research)
(RS-2025-02305531) funded by the Ministry of Trade, Industry & Energy
(MOTIE, Korea). The EDA tool was supported by the IC Design Education
Center(IDEC), Korea. (Corresponding author: Hyun Kim)

exponentially [11]–[13]. This, in turn, imposes severe resource
and power constraints for on-device AI—motivated by privacy
preservation, cloud–device workload sharing, and personaliza-
tion—when deploying LLMs [14]–[20].

To mitigate these constraints, various LLM compression
techniques have been explored; among which quantization
is a principal approach that jointly reduces memory foot-
print and computational cost [21]–[33]. However, due to
the outlier-prone statistics of LLMs, quantization can incur
substantially more projection error than conventional deep
neural networks, leading to notable performance degrada-
tion. To address this, both calibration-based static quantiza-
tion and data-format-based dynamic quantization have been
proposed. Within the former (i.e., calibration-based static),
(i) weight-only methods (GPTQ [24], AWQ [25]) reduce
memory via error-compensated quantization and importance-
aware outlier preservation, and (ii) weight–activation methods
(QServe [28], ATOM [29], QuaRot [30]) mitigate outlier
effects through smoothing, outlier isolation, and rotation-
based quantization. Nevertheless, both families often retain
high-precision floating-point (FP) fallbacks for tasks such as
attention score computation and outlier handling, leading to
heterogeneous execution and non-trivial hardware overhead.

Accordingly, data-format-based dynamic quantization has
gravitated toward Microscaling (MX)—a blockwise data rep-
resentation with a per-block shared exponent—improving tol-
erance to outliers [31]–[33]. MX, standardized by the Open
Compute Project (OCP) [34], partitions weight/activation ten-
sors into small blocks and normalizes each block’s dynamic
range via a shared exponent. Unlike static schemes, MX
can quantize activations, such as attention scores, without
calibration, thereby enabling a homogeneous execution path
across the model. Based on MX, AMXFP [33] and Block-
Dialect [32] mitigate low-precision degradation via asym-
metric FP scaling and codebook-based assignments, respec-
tively. Nevertheless, outlier-induced errors persist; moreover,
asymmetric scaling introduces additional logic along the mul-
tiply–accumulate (MAC) and (de)quantization paths, while
codebooks impose memory/control overheads, as well as indi-
rect indexing, which reduces arithmetic efficiency. In practice,
these designs still rely on multiplication-heavy datapaths,
which undermines hardware efficiency.



Despite extensive prior works on MX quantization to enable
on-device deployment of LLMs, three key limitations persist.
Limitation 1 (L1): Low-precision fixed quantization bins lack
the resolution needed to capture block-level distributional
variation and outliers.
Limitation 2 (L2): The coarse step size of per-block shared-
exponent scaling degrades robustness to quantization error.
Limitation 3 (L3): A principled HW/SW co-design tailored to
block-level quantization remains lacking, limiting the ability
to jointly achieve model quality and hardware efficiency.

To address these challenges, we propose BOLD-Q, an
HW/SW co-design quantization framework that combines
the logarithmic number system (LNS)—an expressive yet
hardware-friendly numeric representation—with MX. BOLD-
Q augments MX’s blockwise dynamics with LNS-based Dual-
Bias and overcomes the aforementioned limitations as follows:
(i) uses Dual-Bias to adaptively reshape bins and accommodate
blocks skewed by outliers(→L1); (ii) applies finer-grained
LNS scaling than a shared exponent to better match per-
block distributions(→L2); and (iii) deploys an adder-based
LNS–MAC systolic array (SA) that replaces multiplies with
adds, improving compute and memory efficiency (→L3). Our
contributions are summarized as follows:

• We propose BOLD-Q, an HW/SW co-design quantiza-
tion framework that combines LNS with MX, providing
outlier robustness with high hardware efficiency.

• On the algorithmic side, applying LNS scaling and
Dual-Bias yields strong model performance: on LLaMA-
2 7B [4] under W4/A8 and W4/A4 quantization, the
perplexity (PPL) rises by only 0.32 and 0.60 over the
baseline, respectively, outperforming prior works.

• On the hardware side, we implement an LNS-MAC SA
tailored to BOLD-Q and synthesize this design at the
register-transfer level (RTL), achieving up to 34.0% area
and 21.4% energy reductions relative to the baseline,
thereby demonstrating hardware efficiency.

II. BACKGROUND AND RELATED WORKS

A. Microscaling Quantization

The MX format [34], a blockwise dynamic representation,
splits activation/weight tensors into small blocks and computes
a per-block maximum exponent. Elements are aligned and
scaled to that exponent, then rounded to the target format.
Each block, therefore, uses a single shared exponent with
low-precision codes per element. Weights can be quantized
statically (offline), while activations and the attention path are
quantized dynamically at run-time on a per-block basis. This
small-block scaling localizes outliers, reducing error in the
MXFP8 regime while lowering calibration requirements. How-
ever, at 4-bit precision, the presence of a large outlier within
a block can inflate the shared exponent, thereby severely
reducing the effective resolution of the remaining elements.

NxFP [31] introduces a per-block nano-mantissa and adap-
tive microexponent to absorb outliers, but still relies on
FP operations and leaves activation quantization unresolved.

BlockDialect [32] performs codebook-based quantization by
assigning, for each block, the code that minimizes the quanti-
zation error. However, codebook storage and indirect indexing
incur memory/control overhead, and a coarse 0.5-step size
limits granularity. AMXFP [33] applies FP-based asymmetric
scaling to weights and activations, improving low-precision
quality over MX, but it adds logic across accumulation and
(de)quantization to handle asymmetry, and FP scaling remains
substantially costlier than shared-exponent schemes.

B. Logarithmic Number System

MX-based methods primarily mitigate degradation via per-
block adaptation to outliers. Leveraging the LNS property,
which transforms multiplication into addition, is advantageous
for attenuating outlier effects in a hardware-efficient manner.
In LNS, a real number x is represented by a sign bit s and its
logarithmic magnitude y = log2|x|, stored as the pair (s, y):

x = (−1)s 2 y. (1)

where y is treated as a fixed-point quantity composed of
integer and fractional bits. Accordingly, in the LNS domain,
multiplication reduces to addition as follows:

P = log2(a× b) = log2 a+ log2 b = ya + yb. (2)

where a, b are positive real numbers and sp = sa ⊕ sb.
This identity allows multiplication-centric computations to be
recast as additions in the log-domain, significantly reducing the
cost of the multiplier. By contrast, expressing linear-domain
addition in the log-domain requires a correction term as:

log2(a+ b) = α+ log2
(
1 + 2 β−α

)
. (3)

where α = max{log2 a, log2 b} and β = min{log2 a, log2 b}.
Evaluating the correction term log2

(
1 + 2 β−α

)
typically re-

quires lin-to-log/log-to-lin transformations. In prac-
tice, these transformations are approximated using lookup
tables (LUTs) or Mitchell’s approximation [35]; however, both
introduce non-trivial hardware overhead due to table storage
and access, as well as the associated approximation logic.

Accordingly, prior work [36] trims conversion cost by ap-
plying a power-of-two (PoT) approximation after log-domain
quantization. HLQ [36] offsets log-mapping bias via train-
time shifts of quantization points and replaces multiplica-
tions with PoT-based shift–add, cutting resource use. How-
ever, performing the associated log-to-lin/lin-to-log
transformations at every accumulation step incurs nontrivial
hardware overhead. LNS-LLM [37] instead builds an LNS-
based LLM accelerator with LNS-tailored processing ele-
ments (PEs) and LUT-driven log-to-lin/lin-to-log
conversion, and mitigates activation outliers by selectively
allocating extra bits—yielding strong HW/SW efficiency. Nev-
ertheless, it leaves the attention path unaddressed, thereby
necessitating additional heterogeneous execution paths.

LNS offers an expressive numeric representation and re-
places multiplies with adds, promising a hardware-efficient
design. However, prior LNS work either fails to realize an
efficient LNS compute system or does not support full-model



Fig. 1: Overview of BOLD-Q: (a) Overall framework and (b) dedicated architecture.

quantization, thereby requiring heterogeneous execution paths.
In contrast, MX provides a full-model homogeneous path
but suffers notable degradation in model performance at low-
precision. Although subsequent MX-based methods introduce
blockwise adaptation to mitigate outlier effects, many overlook
hardware considerations and thus incur significant resource
and control overheads. These observations motivate a com-
bined approach: for on-device deployment of full-model, low-
precision quantization, it is necessary to couple LNS and MX.

III. PROPOSED METHOD: BOLD-Q
Fig. 1 provides a comprehensive overview of the proposed

BOLD-Q quantization framework (Fig. 1(a)) and the corre-
sponding hardware architecture (Fig. 1(b)). Section III details
the framework, and Section IV describes the architecture.

A. Overall Framework
Fig. 1(a) illustrates (i) the notion of Dual-Bias ( 1 ), (ii)

its offline search for weights ( 2 ), and (iii) its runtime com-
putation for activations ( 3 ). In 1 , Dual-Bias is injected
into LNS4E2M1 data—-a 4-bit LNS format with {sign:1,
exponent:2, fractional:1} bits, where M denotes the fractional
field. Injecting Dual-Bias into the bins flexibly reshapes the
block distribution; the procedure for determining Dual-Bias
differs between weights and activations. For weights ( 2 ), we
perform an offline static search over candidate distributions to
select Dual-Bias. For activations ( 3 ), we perform a dynamic
computation to track instantaneous block statistics and outliers.
Unless otherwise noted, these procedures operate on data
scaled by an LNS8E5M3 scale factor.

B. Dual-Bias Injection into LNS
We introduce Dual-Bias to address the limitation that fixed

low-precision quantization bins cannot adequately represent

block-specific distributions. Dual-Bias represents a paired off-
set composed of an LNS4 Sub-Bias and Bias. As indicated
by 1 in Fig. 1(a), Dual-Bias is injected into the top two bin
values of LNS4E2M1, namely q1 = 21.5, q2 = 21.0, and can
be expressed as follows:

q1 = 21.5+Sub-Bias+Bias, q2 = 21.0+Sub-Bias. (4)

Here, all remaining bins are left unchanged. By selectively
biasing q1 and q2, the quantization levels are adjusted flexibly
to better match block-specific distributions and attenuate the
influence of outliers.

C. Offline Block-Specific Dual-Bias for Weight Quantization

To determine the optimal Dual-Bias for weights, we pro-
pose an offline block-specific Dual-Bias for weight quantiza-
tion (OBWQ). OBWQ performs a static, per-block search for
the Dual-Bias that minimizes the mean squared error (MSE).
The left panel of 2 in Fig. 1(a) shows representative candi-
date distributions induced by different (Sub-Bias, Bias) pairs,
enabling MSE-optimal fitting across diverse weight blocks.
For a given weight block (upper-right panel of 2 ), OBWQ
evaluates the MSE for each candidate distribution; we define
MSE as:

MSE(δs, δb) =
1

B
∥Wb − Ŵb(δs, δb)∥22. (5)

where δs and δb denote the Sub-Bias and Bias, respectively;
Wb is the original weight vector of block b; Ŵb(δs, δb) is the
dequantized weight vector obtained by applying the Dual-Bias
(δs, δb) together with the block scale; B is the block size (num-
ber of elements); and ∥·∥2 denotes the Euclidean (L2) norm.
We evaluate the MSE over all candidate pairs, select the
Dual-Bias that minimizes the MSE, and store it—along with



the block’s scale factor—as metadata (lower-right panel of
2 ). Repeating this procedure for every block yields a more

accurate representation of block-specific distributions than
fixed-bin quantization. Moreover, since weight distributions
typically exhibit smaller outliers than activations, we encode
the biases in LNS4E0M3.

D. Adaptive Dual-Bias Quantization

Activations and attention exhibit significant input-dependent
variability; in particular, softmax over attention logits amplifies
quantization errors, making calibration-based static quanti-
zation insufficient to preserve model performance. Dynamic
quantization is therefore required; however, unlike weights,
search-based methods that demand extensive exploration are
impractical at runtime. To address this, we propose adaptive
Dual-Bias quantization (ADBQ), which leverages Dual-Bias
for dynamically varying data. ADBQ extends the blockwise
top-1 principle of dynamic MX to compute Dual-Bias dynam-
ically. Concretely, as shown at the top of 3 in Fig. 1(a), we
extract the top-1 to top-3 magnitudes from each block and then
apply the Dual-Bias computation algorithm depicted in the
lower-left panel of 3 . The algorithm computes the distances
between the first/second maxima and between the second/third
maxima. Whenever a gap is at least 0.5, we convert only the
excess beyond 0.5 to an additive bias by rounding it to the
nearest value representable in LNS4E2M2, as follows:

Bias = max(RTNLNS4E2M2
(d12 − 0.5) , 0). (6)

Sub-Bias = max(RTNLNS4E2M2
(d23 − 0.5) , 0). (7)

where d12 and d23 denote the distances between the
top-1/top-2 and top-2/top-3 magnitudes, respectively, and
RTNLNS4E2M2

(·) denotes rounding to the nearest value rep-
resentable in LNS4E2M2. Because the native step size of
LNS4E2M1 is 0.5, deviations beyond this threshold distort
the distribution; accordingly, we add only nonnegative (ad-
ditive) biases as a corrective shift. The activation/attention
path exhibits larger outliers than the weight path. Because
the algorithm applies an additive correction on top of existing
bins, we encode the biases in LNS4E2M2 to provide a wider
representable range than LNS4E0M3—albeit with a coarser
step size. Finally, as indicated in the lower-right panel of 3 ,
the computed Dual-Bias is stored as metadata and used to
quantize the subsequent layer.

IV. ARCHITECTURE DESIGN: BOLD-Q ARCHITECTURE

A. Architecture Overview

We also propose a hardware architecture optimized for
BOLD-Q, summarized in Fig. 1(b). a depicts a 32 × 32
SA of PEs with a weight stationary dataflow, operating at a
default precision of W4/A8. In the attention pathway, the key–
value (KV) cache is quantized to 4 bits, while the query (Q)
and attention scores use 8 bits; Dual-Bias is applied only to
the 4-bit paths. Activations stream from left to right across the
array, and weights stream from top to bottom. Partial sums
accumulate downward along columns: each PE accumulates

its LNS–MAC result into the incoming 32-bit fixed-point
accumulated value from above and forwards the updated value
to the PE below. At the bottom row, the column-wise accu-
mulation outputs feed the encoder, the dequantization module,
and the quantization module. In b , the weight buffer stores
the per-block weights, along with the corresponding Dual-
Bias and LNS scale factor produced by OBWQ. Similarly, the
activation buffer stores the per-block activations, Dual-Bias,
and LNS scale factor obtained from ADBQ. On the weight
path, a dedicated preprocessing row ( c ) performs (i) block-
wise alignment and format normalization and (ii) application
of the per-block Dual-Bias prior to injection into the PEs. Each
PE ( d ) implements an 8-bit fixed-point, adder-based LNS–
MAC: multiplications are replaced by additions in the log-
domain, and the linear-domain accumulation required for the
fraction component is realized via a LUT-based log-to-lin
approximation, minimizing conversion overhead.

The SA’s column-wise accumulations are passed to the
encoder, which converts the 32-bit fixed-point sums to the log-
domain (lin-to-log) and outputs LNS16-encoded values.
In e , the proposed encoder realizes the lin-to-log opera-
tion by enhancing Mitchell’s approximation with a piecewise-
linear (PWL) correction and a small LUT for residual com-
pensation. Instead of instantiating an encoder in every PE, we
place encoders only at the SA output, reducing the instance
count by a factor of 32 (i.e., to 1/32 at the system level). In
f , the LNS16 stream is dequantized using per-block W/A

LNS scale factors. As in the PE stage, these factors are
applied via fixed-point operations by using an LNS8E5M3

scale factor, resulting in minimal overhead relative to shared-
exponent scaling. Finally, in g , for each block, we compute
the Dual-Bias dynamically via ADBQ and re-quantize with
the LNS scale factor to produce the next-layer inputs.

In summary, the proposed architecture implements a homo-
geneous LNS–MX pipeline consisting of (i) buffer streaming,
(ii) Dual-Bias computation and alignment in a preprocessing
row, (iii) core compute on an LNS–MAC SA, (iv) LNS16
encoding followed by dequantization, and (v) re-quantization
to produce the next-layer inputs. The hardware architecture is
designed to support this pipeline effectively, avoiding FP16
fallbacks and relying only on localized log–lin conversions.

B. Preprocessing Module and Processing Elements

In h of Fig. 1(b), the preprocessing module selects the
bias configuration (e.g., LNS4E0M3, LNS4E2M2) according to
W_mode and generates the corresponding bias based on the
W[2:0]. It then performs fixed-point additions in the log-
domain and pre-aligns the result to Aligned_W[7:0] for
subsequent operations with LNS8 activations before streaming
to the SA. By deploying 32 preprocessing units to offload
Dual-Bias handling, the design eliminates the per-PE bias logic
that would otherwise be replicated across the full 32×32 array,
thereby significantly reducing hardware overhead.

In i , each PE implements an LNS–MAC. In the multiplica-
tion stage, the PE receives the IAct[7:0] from the activa-
tion buffer and Aligned_W[7:0] from the preprocessing



TABLE I: Quantization Results for Various LLMs on WikiText-2 (perplexity ↓).

Method Linear
(W/A)

Atten.
(W/A)

Scale
Factor

Block
Size

OPT
6.7B

OPT
13B

LLaMA1
7B

LLaMA1
13B

LLaMA2
7B

LLaMA2
13B

LLaMA3
8B

Mistral
7B

Baseline 16/16 16/16 - - 10.86 10.13 5.68 5.09 5.47 4.88 6.14 5.25
GPTQ [24] 4/16 16/16 FP16 128 10.93 10.17 5.83 5.20 5.63 4.99 6.56 5.39
AWQ [25] 4/16 16/16 FP16 128 10.93 10.21 5.78 5.19 5.60 4.97 6.54 5.37

OmniQuant [26] 4/16 16/16 FP16 128 10.96 10.20 5.77 5.17 5.58 4.95 - -
AMXFP [33] 4/16 16/16 FP8 32 10.96 10.34 5.84 5.21 5.64 4.98 - 5.39

BOLD-Q (ours) 4/16 16/16 LNS8 32 10.89 10.16 5.76 5.15 5.55 4.95 6.40 5.32
ANT [38] 8/8 16/16 FP16 - 19.72 4E+3 8.52 7.49 8.79 20.52 - -

QServe [28] 4/8 4/16 FP16 128 - - 5.89 5.25 5.70 5.08 6.76 5.42
MXFP [34] 4/8 4/8 PoT8 32 12.27 11.64 6.81 5.91 6.75 6.01 - 5.88

AMXFP [33] 4/8 4/8 FP8 32 11.40 10.99 5.99 5.35 5.85 5.20 - 5.48
BOLD-Q (ours) 4/8 4/8 LNS8 32 11.20 10.74 5.97 5.28 5.79 5.14 6.70 5.41

ANT [38] 4/4 16/16 FP16 - 9E+3 4E+4 80.13 96.71 189.72 165.19 - -
Quarot [30] 4/4 4/16 FP16 Channel - - 6.34 5.58 6.10 5.40 8.17 5.80
ATOM [29] 4/4 4/16 FP16 128 - - 6.16 5.46 6.12 5.31 7.76 5.76
MXFP [34] 4/4 4/4 PoT8 32 22.51 12.88 10.20 7.80 11.18 6.98 11.17 9.43

AMXFP [33] 4/4 4/4 FP8 32 13.06 11.90 6.25 5.52 6.22 5.47 7.72 5.71
BlockDialect [32] 4/4 4/4 PoT8 32 11.63 - 6.39 - 6.33 - 7.87 5.74
BOLD-Q (ours) 4/4 4/4 LNS8 32 11.45 10.97 6.18 5.45 6.07 5.37 7.34 5.56

Entries with unreported or unreproducible results are marked “–”.

row, and realizes LNS multiplication with an 8-bit fixed-
point adder. In the accumulation stage, the fractional field
M[2:0] of the product is used as the LUT address. The LUT
stores 2m/8 values in Q1.7 (8-bit) fixed-point format, where
m denotes the 3-bit fractional field. The LUT_Val[7:0] is
shifted by Exp[4:0] to form Psum[31:0]; this term is
then accumulated with the incoming IAcc[31:0] to produce
OAcc[31:0], which is forwarded to the next row of the
array. As a result, the log-to-lin reduces to a LUT access,
and the linear-domain accumulation is performed via shift–add
without a dedicated multiplier. Moreover, the lin-to-log
conversion is performed only at the SA output by the encoder,
thereby minimizing conversion overhead.

C. Quantization module
In j of Fig. 1(b), the quantization (Quant.) mod-

ule takes Dequant_Act[15:0][31:0]—a 32-element
block vector in LNS16—and, through ADBQ, produces the
per-block Dual-Bias[7:0] and ScaleFactor[7:0].
For re-quantization, it applies ScaleFactor[7:0] to
Dequant_Act[15:0][31:0] using fixed-point additions
and outputs OAct[7:0][31:0] in LNS8E4M3. When tar-
geting 8-bit activations, the module excludes Dual-Bias and
performs quantization using only the LNS scale factor. The
Quant. module reduces hardware cost for handling activation
outliers by computing Dual-Bias with a lightweight ADBQ
block governed solely by the simple threshold-and-round rules
in Eqs. (6)–(7); as in the Dequant. module, re-quantization
performs fixed-point scaling, further limiting overhead.

V. EXPERIMENTAL RESULTS

A. Algorithm Performance Evaluation
Experimental Setup. To demonstrate the effectiveness of

BOLD-Q, we evaluate perplexity (PPL ↓) on the WikiText-2

dataset [39] using the lm-eval-harness framework [40] across
five families of LLMs: LLaMA-1 (7B/13B) [3], LLaMA-2
(7B/13B) [4], LLaMA-3 8B [5], OPT (6.7B/13B) [9], and Mis-
tral 7B [2]. To quantify the accumulation error introduced by
the 8-bit LUT-based log-to-lin approximation in BOLD-
Q’s LNS–MAC, we conducted experiments with 10,000 test
vectors assuming an accumulation length of 32, observing an
error of 0.26%. We then reflected this minor error in model
inference by injecting randomized perturbations at the output
stage, aligned with the block size.

Weight only quantization. Table I presents PPL results
for BOLD-Q and representative quantization methods. Under
weight-only quantization (i.e., linear layers at W4/A16 and
attention at W16/A16), BOLD-Q yields PPL increases be-
low 0.10 relative to the baseline across all models, deliver-
ing near-lossless quality compared with competing research.
Calibration-based static methods, such as GPTQ, AWQ, and
OmniQuant, offer certain advantages in terms of block size
relative to AMXFP and BOLD-Q; however, they require FP16
scaling during dequantization, resulting in a mixed-precision
execution path. Compared with AMXFP, both approaches
replace the MX shared exponent with alternative scale fac-
tors; however, by additionally applying Dual-Bias, BOLD-Q
attains consistently lower PPL. In terms of metadata, AMXFP
maintains separate FP8 scales for positive and negative values,
adding 16 bits per block. BOLD-Q likewise uses an LNS8
scale together with an 8-bit Dual-Bias, totaling 16 bits per
block.

Weight & Activation Quantization. With the 8-bit linear
activation setting in Table I, QServe attains the lowest PPL
on many models, while BOLD-Q achieves comparable per-
formance with marginal differences. Unlike BOLD-Q, QServe
quantizes the KV cache but executes attention at W4/A16,



yielding a heterogeneous execution path. By contrast, BOLD-
Q runs attention with W4/A8 and attains near state-of-the-art
quality among methods that avoid FP16 fallbacks. Notably,
on Mistral 7B and LLaMA-3 8B, BOLD-Q achieves even
lower PPL loss than QServe, indicating robustness despite the
difference in attention precision. Furthermore, compared with
full-model quantizers such as MXFP and AMXFP, BOLD-Q
consistently delivers superior PPL across most configurations.

With the 4-bit linear activation setting, ATOM retains
FP16 operations along the attention path and thus attains
favorable PPL on a few models; however, across most mod-
els, BOLD-Q achieves the best PPL while operating in a
strictly 4-bit configuration. Turning to MX-based methods,
naive MXFP exhibits severe degradation at 4-bit owing to
shared-exponent scaling and fixed bins. AMXFP and Block-
Dialect partially mitigate this degradation but are still clearly
outperformed by BOLD-Q among strictly 4-bit methods.
Overall, these results demonstrate that the full-model quan-
tization framework BOLD-Q—combining LNS scaling with
OBWQ/ADBQ—consistently preserves strong language mod-
eling quality (low PPL) at low precision.

B. Hardware Performance Evaluation

Hardware Implementation. We implement the proposed
SA as an RTL design in Verilog. We synthesize all components
in a commercial 28 nm technology library using Synopsys
Design Compiler with timing constraints set to 500 MHz clock
frequency and report area and energy (estimated from post-
synthesis power). All architectures target a W4/A8 precision
configuration; for ANT, a W4/A8 PE is constructed by
composing two W4/A4 PEs. For AMXFP, the PE and the
Quant./Dequant. Modules are modified to support asymmetric
scale factors.

Hardware Resource Evaluation. Table II presents the
component-area breakdown for BOLD-Q and the comparison
architectures. Figs. 2(a) and 2(b) report architecture-level totals
normalized to AMXFP: total area (a) and energy (b). In
Fig. 2(a), MXFP, ANT, and BOLD-Q reduce the area by
23.2%, 23.7%, and 34.0% relative to AMXFP. As summarized
in Table II, these savings stem from (i) eliminating per-PE
bias logic by applying Dual-Bias in a preprocessing row
and using an LNS–MAC PE, and (ii) collapsing the per-
PE Encoders into output-side Encoders at the SA boundary,
reducing the number of encoder instances to 1/32. Moreover,
the Dequant. module in BOLD-Q exhibits an area comparable
to MXFP because LNS scaling is realized via addition; by
contrast, AMXFP handles asymmetric FP scales on separate
positive/negative accumulators and fuses them via FP addition,
making its Dequant. area roughly 10× that of BOLD-Q.
module. Although the Quant. module of BOLD-Q incurs some
overhead relative to MXFP to support ADBQ, it still achieves a
56.4% area reduction compared to AMXFP, thereby providing
an efficient dynamic quantization path.

Consistent with the area trends, Fig. 2(b) presents nor-
malized energy reductions of 17.6%, 7.5%, and 21.4% for
MXFP, ANT, and BOLD-Q, respectively, relative to AMXFP.

TABLE II: Component-area breakdown for BOLD-Q and
baseline architectures.

Arch. Core Others

Component (µm2) Num. Area
(mm2)

Dequant.
(mm2)

Quant.
(mm2)

AMXFP PE (521.35) 1024 0.542 0.03 0.039Encoder (243.83) 32

MXFP PE (443.20) 1024 0.458 0.003 0.008Encoder (121.91) 32

ANT
PE (423.77) 1024

0.432 0.017 0.017Decoder (12.64) 32
Encoder (121.91) 32

BOLD-Q
(Ours)

PE (372.41) 1024
0.383 0.003 0.017Preproc. (89.97) 32

Encoder (128.00) 32

”Preproc.” denotes the preprocessing module.

Fig. 2: Comparison of normalized area and energy between
BOLD-Q and other architectures.

While MXFP must support both normal and subnormal ex-
ponent regimes—incurring additional control and datapath
logic—only one path is active at runtime, and switching on
the inactive path is limited, yielding energy savings that are
proportionally larger than area reductions. Overall, BOLD-Q
delivers the largest reductions in both area and energy among
the evaluated architectures, underscoring its suitability for on-
device deployment.

VI. CONCLUSION

In this study, we propose BOLD-Q, an HW/SW co-design
quantization framework that combines LNS with MX. It
leverages Dual-Bias via OBWQ/ADBQ to mitigate outliers
and preserve model quality. In addition, an adder-based LNS–
MAC systolic array—exploiting multiplication-as-addition in
the log-domain—achieves higher efficiency and fewer re-
sources than prior designs. In experiments, we observe up
to 34.0% area and 21.4% energy reductions relative to the
baseline. At the same time, BOLD-Q consistently maintains
competitive PPL at low precision. Overall, BOLD-Q estab-
lishes a homogeneous LNS–MX execution path suited to on-
device low-precision inference and offers an HW/SW solution
with potential to expand the feasibility of deploying high-
performance LLMs on resource-constrained devices.
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