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Abstract—Large Language Models (LLMs) have achieved re-
markable success in Natural Language Processing (NLP) tasks,
but their deployment is severely constrained by intensive com-
putation and memory costs. Block Floating-Point (BFP) extends
the dynamic range beyond INT with shared exponents, while
reducing memory and alignment overhead compared to floating-
point formats. However, when bit-widths are further reduced,
BFP becomes sensitive to outliers; existing mixed-precision BFP
methods largely rely on heuristic settings of mantissa width
and block size, and the induced bit-level sparsity has yet to be
systematically leveraged in hardware. In this paper, we propose
AO-BFP, an adaptive BFP framework for LLM inference. At the
algorithm level, we propose an adaptive outlier exponent mapping
mechanism combined with mixed-precision exploration driven by
layer-wise sensitivity analysis. At the hardware level, we design
a reconfigurable bit-serial accelerator with a unified datapath
that efficiently leverages BFP-induced bit sparsity. Compared with
prior LLM accelerators such as ANT, OliVe, and BitMoD, AO-
BFP achieves superior performance while preserving model accu-
racy, delivering speedups of 1.61×, 1.39×, and 1.11×, respectively.

Index Terms—LLM inference, block floating-point, mixed pre-
cision quantization, outlier, bit-serial accelerator

I. INTRODUCTION

LLMs have demonstrated remarkable effectiveness across

a wide range of NLP tasks [1], [2], and their language un-

derstanding capability has also been successfully extended to

multi-modal applications [3]. Nevertheless, the intensive com-

putational and memory requirements of LLMs remain major

obstacles to their sustainable use and further development.

Benefiting from native GPU support, INT8 and other fixed-

point formats have been widely adopted in prior quantization

studies [4], [5]. However, the limited dynamic range of integer

types makes them highly sensitive to extreme values and wide

distributions, leading to large errors under low-bit settings.

To mitigate this issue, some researchers have explored finer-

grained scaling factors such as per-token or per-group quan-

tization [6], [7], but such methods incur significant overhead

by storing additional scaling factors and introducing costly
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dequantization operations. To strike a better balance between

memory cost and representational capacity, BFP quantization

has been proposed as an intermediate format between fixed-

point and floating-point representations [8]. Instead of assigning

each value its own exponent, BFP groups multiple mantissas

under a shared exponent, which reduces storage and hardware

overhead. At the same time, it eliminates intra-block alignment

and avoids costly dequantization multiplications, while retain-

ing the dynamic range comparable to floating-point.

Mixed-precision quantization has been incorporated into

the BFP framework to flexibly allocate precision for im-

proved accuracy-efficiency tradeoffs. However, existing mixed-

precision BFP quantization [9] typically relies on heuristic or

empirical choices of mantissa width and block size, lacking

systematic joint optimization. In particular, outliers dominate

shared-exponent selection and force normal values to be right-

shifted, sharply increasing quantization error. This effect is

further amplified under low bit-widths and large block sizes,

which misguides the precision configuration search toward

conservative settings, thereby limiting the potential of mixed-

precision strategies.

On the other hand, the shared-exponent nature of BFP

introduces a unique advantage: when mantissas are right-shifted

for exponent alignment, high-order bits are consistently filled

with zeros, leading to bit-level sparsity. It can be exploited

in hardware by detecting and skipping redundant operations,

offering additional opportunities for efficiency gains. However,

existing accelerators offer little native support, leaving the

benefit underutilized. To address these challenges, this paper

proposes AO-BFP, a novel adaptive BFP framework that en-

ables holistic co-optimization from quantization algorithms to

hardware execution.

• We propose Adaptive Outlier Exponent Mapping with

Local Outlier Clustering (AOEM-LOC), which effectively

alleviates the interference of outliers on shared exponent

selection.

• We propose a mixed-precision BFP framework that jointly

optimizes mantissa width and block size, guided by

Hessian-based layer-wise sensitivity analysis and solved

via Pareto-constrained knapsack search for globally opti-

mal precision allocation.



• We design and implement a unified and reconfigurable

BFP hardware architecture, which employs a bit-serial dat-

apath to flexibly support mixed precision, outlier compen-

sation, and bit-sparsity skipping. The architecture further

maintains compatibility with both general matrix–matrix

multiplication (GEMM) and general matrix–vector multi-

plication (GEMV) computation modes.

II. BACKGROUND AND MOTIVATION

A. Block Floating-Point Representation

An IEEE 754 half-precision floating-point number consists

of three components: a 1-bit sign s, a 5-bit exponent e, and a

10-bit mantissa m, as shown in Fig. 1(a). The actual value is

expressed as

x = (−1)s · (1.m) · 2e−ebias (1)

BFP assigns a group of B numbers to a shared exponent.

Formally, a block of B values can be expressed as

xi = (−1)si ·mi · 2Eshared−Ebias , i = 1, 2, . . . , B (2)

where si is the sign bit, mi is the mantissa of the i-th value,

and Eshared denotes the block-wise shared exponent.

To convert floating-point numbers into the BFP format, the

shared exponent is selected as Eshared = max(ei) + 1, which

shifts the implicit leading one into the fractional part of the

mantissa. The exponent difference is given by di = Eshared−ei.
Each mantissa is then right-shifted by di bits to align with the

shared exponent: m̂i = mi � di. The quantized BFP value

follows the same form as Eq. (2), with mi replaced by m̂i.

Fig. 1. An example of a tensor at different formats. (a) IEEE FP16, (b) Block
Floating-Point, (c) AO-BFP used AOEM-LOC, evaluated on LLaMA-7B [10]
under the W6A6 setting.

B. Motivation

Outlier misleads precision allocation. Eqs. (3) and (4) show

the impact of outliers on BFP quantization error, with unit least

precision (ULP) and mean squared error (MSE):

ULP = 2Emax−w+1, MSE = ULP 2/12 (3)

When a block contains an outlier with an exponent exceeding

normal values by Δ, it dominates the shared exponent, and the

ULP and MSE of normal values are:

ULPoutlier

ULPbase

= 2E
max
outlier−Emax

normal = 2Δ,
MSEoutlier

MSEbase

= 22Δ (4)

MSE increases exponentially with 22Δ, so even a small 2-3

bit gap can invalidate a 3-bit mantissa, as shown in Fig. 1(b).

This effect is especially pronounced under low bit-width and

large block size. As a result, outliers mislead precision allo-

cation in mixed-precision settings, driving the search toward

conservative configurations and limiting overall efficiency.

Existing outlier-aware approaches either lose accuracy at low

bit-widths [11], or rely on hardware-unfriendly solutions [12],

[13]. A robust quantization scheme should decouple shared

exponent selection from outliers while preserving a unified

datapath with minimal hardware overhead. In Section III-A,

we present AOEM-LOC to mitigate outlier dominance, and in

Section IV-B a unified-path alignment mechanism is introduced

to handle outliers within the main dataflow.

Mixed-Precision BFP: Joint Mantissa–Block Optimization.
Existing mixed-precision BFP quantization methods often se-

lect Wman and Blksize heuristically rather than through system-

atic co-optimization. The two are inherently complementary:

smaller blocks capture local ranges at the cost of storage, while

wider mantissas improve accuracy at higher overhead. Prior

works address this tradeoff only coarsely: DBPS [14] applies

uniform, independent adjustments across the model, whereas

BitQ [15] jointly searches Wman and Blksize but still relies on

heuristic rules without theoretical guidance.

In Section III-B, we propose a sensitivity-driven joint opti-

mization framework: Hessian eigenvalues guide per-layer sen-

sitivity analysis, candidate pairs in the discrete (Wman, Blksize)
space form Pareto frontiers, and the resulting sets are solved as

a multi-dimensional knapsack problem via dynamic program-

ming for globally optimal allocation.

BFP-Induced Bit Sparsity Remains Underutilized. BFP

quantization is also accompanied by a favorable property—bit-

level sparsity. During the right-shift alignment of mantissas,

many low-order bits are truncated, significantly increasing the

overall sparsity of neural networks. As shown in Fig. 2, after

applying BFP quantization across different OPT [16] model

sizes and configurations, the mantissa bit-level sparsity rises

from 38%-49% to 62%-68%. Such sparsity lowers the computa-

tion density, but its potential for energy-efficiency optimization

remains unexploited. While a natural way to exploit this prop-

erty is through bit-serial multipliers, we further extend it into a

unified and reconfigurable architecture that efficiently supports

different block sizes and mantissa widths, while enabling bit-

sparsity exploitation and outlier handling.

Building on the above observations, we propose AO-BFP,

an accelerator with algorithm-hardware co-design. Fig. 3 shows

its top-level architecture, consisting of an adaptive quantization

framework and a bit-level execution engine (Sections III, IV).

III. QUANTIZATION FRAMEWORK

A. Outlier-Aware Exponent Mapping

To mitigate the loss caused by outliers in BFP quantization,

this paper proposes a method named Adaptive Outlier Exponent

Mapping with Local Outlier Clustering (AOEM-LOC). This

method strategically derives the shared exponent solely from

normal values, while outliers effectively map to a discretized
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Fig. 2. Bit sparsity and perplexity of OPT models before and after BFP
quantization under different Wman and Blksize. Bars indicate sparsity and
lines indicate perplexity. Quantization increases sparsity by about 20%, and
the resulting accuracy variation motivates our use of mixed precision. (a)-(d)
correspond to OPT-125M, OPT-350M, OPT-1.3B, and OPT-2.7B, respectively.

exponent set ES = {Es,1, ..., Es,K}. The difference in ex-

ponent is compensated by a right-shift in mantissa. Notably,

this discretization does not compress outliers into a single

value but instead employs a clustered set of discrete exponents

and corresponding mantissas to cover a range, ensuring that

outliers retain reasonable numerical representation without in-

curring additional floating-point storage overhead. As depicted

in Fig. 1(c), assuming a threshold T = 6, with Es,1 = 8 and

Es,2 = 10, the exponent of the first number is mapped to Es,1

with its mantissa right-shifted by 1-bit, and the second number

is mapped to Es,2 with a corresponding 1-bit right shift.

To jointly optimize the threshold T and the exponent set

ES , a two-step one-dimensional k-means strategy is employed.

First, all exponents are clustered with k = 2 to separate

normal values and outliers, where the maximum exponent of

the lower cluster defines the threshold T . Subsequently, a

k = K clustering is applied to the outlier cluster to generate

the compact exponent set ES . Each outlier exponent is mapped

to one of these special points, and an index is recorded to pre-

serve positional information 〈posi, Ek
s 〉. Since the proportion of

outliers is controlled below 1%, the index table is minimal and

can be stored with low overhead through compact encoding.

Furthermore, AOEM-LOC introduces a mantissa compensation

mechanism to address cases where a large shared exponent

shifts the mantissa out of range, as shown in Fig. 1(c). If the

highest discarded bit is 1, the least significant bit (LSB) of the

mantissa is forcibly set to 1 to improve numerical fidelity.

Fig. 1(c) validates the effectiveness of above approaches:

compared to naı̈ve BFP, incorporating outlier mapping (k = 2
clusters) reduces perplexity, and combining it with mantissa

compensation (Clus2 + MC) further improves numerical pre-

cision, demonstrating their complementary roles in enhancing

performance. The experiments also investigate the impact of

the second-stage clustering number K. Increasing K from 2 to

3 yields a negligible improvement in perplexity but a higher

implementation cost. Hence, we adopt K = 2 as a balanced

Fig. 3. Top-Level architecture of the proposed AO-BFP accelerator.

choice for accuracy, storage, and hardware feasibility.

B. Layer-wise mixed-precision exploration
In our mixed-precision design, we further consider the joint

design space of mantissa width and block size. Specifically, we
expand the search space to:

C = {(Wman, Blksize) | Wman ∈ {4, 6}, Blksize ∈ {8, 16, 32, 64}}

Direct enumeration of all 8L combinations is infeasible.

Inspired by Hessian-based mixed-precision quantization [17],

we adopt the largest eigenvalue of the Hessian matrix to

characterize the sensitivity of layer l to quantization noise:

Δ� ≈
L∑

i=1

L∑
j=1

1

2
εiHijεj , (5)

Hij denotes the Hessian matrix elements and εi represents

perturbations to the parameters. However, in LLaMA-2-7B,

each decoder layer contains about 153M parameters, yield-

ing a 7M×7M Hessian matrix, making second-order statistics

intractable. We therefore approximate the eigenvalue via the

power iteration method [18]. By sorting layers according to

their maximum Hessian eigenvalues, we obtain a relative sensi-

tivity ordering. As shown in Fig. 4, with the largest λmax, layer

20 is the most sensitive to perturbations, and perturbing it along

the corresponding dominant eigenvector yields the steepest loss

increase. Layers with smaller λmax (e.g., layer 1) exhibit only

mild loss changes under the same perturbation.

Although layer sensitivities are known, allocating Wman

and Blksize remains nontrivial. To address this, we initially

adopt a classical greedy strategy by sorting decoder layers in

ascending order of sensitivity. For each layer l, we take the

most aggressive setting (4, 64) first, which yields the highest
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Fig. 4. (a) Maximum eigenvalue (λmax) of the Hessian matrix for each layer
of OPT-1.3B, used to measure relative sensitivity. (b) Average bit-width and
accuracy of layer 2 under different (Wman, Blksize) configurations, with the
Pareto frontier highlighted. (c) 3-D loss landscape of layers 1, 20, and 23 along
the first dominant eigenvector of the Hessian.

compression ratio, each layer configuration is fixed if the

resulting global loss increase ΔL is acceptable; otherwise,

Wman is increased or Blksize is reduced until the error falls

within budget.

However, empirical evaluation reveals two major limitations:

(i) the layer-wise error response to (Wman, Blksize) is not

monotonic—particularly in high-dimensional activation spaces,

extreme settings such as maximal mantissa with minimal block
size are often suboptimal; (ii) the greedy iteration lacks a global

perspective under inter-layer error coupling—if early layers

consume excessive error budget, subsequent highly sensitive

layers may be left infeasible, leading to local optima.

To address these issues, we employ a layer-wise Pareto

framework. For a given layer l, we enumerate all candidate

combinations in C, evaluate their average bit-width r and

accuracy a, and construct the Pareto set, as shown in Fig. 4(b):

PF l = {k | �k′ (rl,k′ < rl,k ∧ al,k′ ≥ al,k)} (6)

which retains only non-dominated solutions in (r, a) space.

Based on the evaluation, |PF l| is typically no larger than 4. The

union of all per-layer Pareto sets then serves as the candidate

pool of a multi-dimensional knapsack problem, which we solve

via dynamic programming under a global average bit-width

constraint to maximize accuracy, offering a global view that

avoids the suboptimality of layer-wise greedy strategies.

IV. AO-BFP HARDWARE ARCHITECTURE

A. Architecture Overview

The hardware architecture of AO-BFP is illustrated in Fig. 5.

It mainly consists of a top-level controller, activation buffer,

weight buffer, output buffer, BFP encoder, partial accumulation

unit, outlier LUT, and a compute array composed of config-

urable bit-serial multipliers. During computation, activations

are streamed from the input buffer, while weights are offline-

encoded into shift lists to exploit bit-level sparsity. The partial

accumulation unit adapts to both GEMM and GEMV dataflows.
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Fig. 5. (a) Overview of AO-BFP hardware architecture. (b) GEMM dataflow
used in the prefilling phase, and GEMV used in the decoding phase.

B. AO-BFP Processing Element

As illustrated in Fig. 6, AO-BFP adopts a bit-serial process-

ing element (PE) with three key enhancements: (i) a shift-list

mechanism that skips redundant zero-bit operations to exploit

bit-level sparsity, (ii) abstraction of block size as sequential

computation rounds rather than inter-PE accumulation, elimi-

nating costly FP16 additions and extra exponent handling, (iii)

direct outlier compensation within the main datapath through a

lightweight shift operation, avoiding separate bypass logic.

Step 1 performs exponent addition and sign-bit generation:

the activation exponent ae and weight exponent we are summed

as (ae + we) to provide the target for normalization. It also

generates the product sign ys, which is forwarded to the partial-

product accumulation path. Step 2 performs bit-serial mantissa

multiplication on four parallel inputs. The mantissa width sets

the number of serial cycles. Wman includes the sign bit, giving

an effective precision of 3-5 bits, with bit sparsity around

60%, leaving only two effective bits on average. After bit-serial

multiplication, outlier compensation is uniformly applied in a

dedicated barrel shifter (Shifter-EX). The compensation results

are merged with the normal path output in the same adder tree,

avoiding additional accumulation paths or bypass logic. During

offline quantization, global exponents are fixed. At runtime, a

local LUT records each outlier’s position and load to guide

Shifter-EX in computing the shift offset, as defined in Eq. (7).

ΔE =

⎧⎪⎨
⎪⎩

ΔEa a ∈ O, w /∈ O

ΔEw a /∈ O, w ∈ O

ΔEa +ΔEw a ∈ O, w ∈ O

ΔEa = Emap
a − Eshared

a , ΔEw = Emap
w − Eshared

w

(7)

After bit-serial multiplication, Shifter-EX compensates the

partial product pp in a single cycle: pp′ = pp 	 ΔE,where

ΔE denotes the exponent offset of the outlier. pp′ is then fused

with the normal path output in the same adder tree and stored

in registers. This design ensures: regardless of whether outliers
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Fig. 6. The microarchitecture of AO-BFP PE.

appear in weights, activations, or both, the datapath remains

constant—outliers are corrected only once at the pp level, with

only minor impact on delay and control complexity.

AO-BFP supports variable block sizes by abstracting it as

computation rounds instead of hardware parallelism. Each PE

processes four mantissas per cycle, thus, a block of size B is

executed as B/4 rounds (e.g., B = 16 requires four rounds).

After each round of bit-serial multiplication, pp is accumulated

into a register while the round counter is updated. Compared

with prior designs [14], [19] that rely on reconfigurable adder

tree, AO-BFP avoids redundant FP16 inter-PE additions and

exponent operations, thereby reducing control complexity and

computation overhead. Step 3 performs normalization. After

accumulation, the results are normalized into the BFP-FP

format and converted to FP16 for inter-PE accumulation.

C. GEMM/GEMV Reconfigurable Dataflow

To accommodate the diverse matrix operations in the infer-

ence phase of LLMs, AO-BFP provides a configurable dataflow

between GEMM and GEMV, as shown in Fig. 5(b). m denotes

the PE-array dimension, and k denotes the input-channel size

of a tile. The main differences lie in the input broadcast scheme

and the partial-sum accumulation method. In GEMM mode, the

accelerator follows an outer-product dataflow: for each tile, an

m×4 activation panel is broadcast across PE rows, while 4×m
weight panel is broadcast along PE columns. Each PE performs

bit-serial MACs with 4-way parallelism and accumulates partial

sums locally. After each BFP block MAC completes, each

PE’s results are transferred to partial accumulation unit and

accumulated individually until the final output is produced.

In GEMV mode, to avoid the low utilization of conventional

output-stationary dataflow, AO-BFP partitions the input vector

into sub-blocks computed independently within each column.

Weight matrices of size 4m×m are preloaded along columns,

while the activation vector of size 1×4m is broadcast simulta-

neously to all rows via a global bus. Partial sums are reduced

vertically by the partial accumulation unit, with PE columns

operating in parallel on vector slices, improving utilization

under small-batch scenarios.

V. EVALUATION

A. Experiment Setup

We evaluated the effectiveness of the proposed quantization

scheme in OPT and LLaMA on WikiText-2. We compare our

method against four open-source baselines: SmoothQuant [20],

Ominiquant [21], OliVe [22], and BFP quantization [9]. For

all BFP methods, the shared exponent is set to 5-bit, and the

block size is set to 32. We implement the AO-BFP hardware

architecture in Verilog HDL and synthesize it using Synopsys

Design Compiler with the 28nm technology. Furthermore, we

implement a cycle-accurate simulator based on BitMoD [23]

to evaluate end-to-end performance. We evaluate LLMs with a

batch size of 1 and an input sequence length of 256, following

prior edge-oriented work [24]. DRAM power (DDR4 model) is

estimated with DRAMSim3 [25], and 512 KB activation buffer

and 512 KB weight buffer are modeled using CACTI [26].

B. Evaluation on AO-BFP Quantization Scheme

Table I reports the perplexity on the WikiText2 dataset

for representative OPT and LLaMA models under different

quantization schemes. Our AO-BFP achieves competitive per-

formance with SmoothQuant W8A8 while using only 4.75-bit

precision. Compared with BFP, AO-BFP consistently reduces

perplexity across all models, demonstrating the effectiveness

of adaptive exponent mapping and mixed precision. When

compared with 4-bit SmoothQuant or OliVe, AO-BFP exhibits

substantially better performance, especially on larger models

such as LLaMA-2-13B. For instance, OliVe W4A4 suffers from

severe degradation with perplexity above 42, while AO-BFP

remains below 6. This highlights the vulnerability of uniform

low-bit quantization to outliers, which become increasingly

significant as model size grows. AO-BFP alleviates this issue

by adaptive bit-width assignment and effective outlier handling.

C. Evaluation on AO-BFP Hardware

Performance. Fig. 7 presents the normalized performance

of the FP16 baseline, ANT [27], OliVe [22], BitMoD [23],

and our proposed AO-BFP accelerator, in two variants: AO-

BFP-D (dense, bit-serial without zero-skipping) and AO-BFP-

S (sparse, bit-serial with zero-skipping). ANT, OliVe, and



TABLE I
PERPLEXITY RESULTS OF QUANTIZED MODEL ON WIKITEXT2 (LOWER IS BETTER).

Method Config OPT-1.3B OPT-2.7B OPT-6.7B LLaMA-2-7B LLaMA-2-13B LLaMA-3-8B

FP32 / 13.35 11.73 10.01 5.81 5.09 6.14

SmoothQuant W8A8 14.62 12.50 10.85 5.85 4.92 6.34
SmoothQuant W6A6 15.42 12.68 11.34 7.47 6.97 7.70
SmoothQuant W4A4 126.05 252.04 491.34 83.12 35.88 430.40

OmniQuant W6A6 14.99 13.18 10.96 11.26 10.87 /
OmniQuant W4A4 19.19 15.19 12.48 14.51 13.78 /
OliVe W4A4 69.07 46.00 107.15 144.78 42.24 /

BFP W6A6 16.83 11.90 10.04 5.87 5.20 6.18
BFP W4A4 26.47 26.36 13.64 7.38 6.55 7.46

AO-BFP (Our work) W4.75A4.75 14.73 12.58 10.94 5.88 5.20 6.21
AO-BFP (Our work) W4.58A4.58 15.54 13.79 11.39 5.98 5.26 6.38
AO-BFP (Our work) W4.25A4.25 16.79 15.13 12.24 6.00 5.28 6.47

BitMoD enlarge the numerical range to handle outliers; e.g.,

BitMoD keeps activations in FP16, so memory traffic and

computation remain substantial. In contrast, AO-BFP fully

leverages both the dynamic range and bit-level sparsity of

BFP. Activations and weights are represented at low precision

(4.58-bit on average). Moreover, ANT, OliVe, and BitMoD

all employ systolic arrays, which are efficient for GEMM but

suffer from low PE utilization for GEMV. AO-BFP adopts a

configurable dataflow to support efficient LLM inference across

both phases. Overall, AO-BFP-S delivers average speedups of

4.25×, 1.61×, 1.39×, and 1.11× over FP16, ANT, OliVe,

and BitMoD, respectively, and achieves an additional 1.28×
speedup over AO-BFP-D by exploiting bit-level sparsity.

Fig. 7. Speedup of different accelerators (higher is better).

Fig. 8. Energy consumption breakdown of different accelerators.

Energy Consumption. Fig. 8 shows the normalized energy

breakdown across accelerators, with on-chip compute energy

including both buffer and core energy. AO-BFP-S reduces

TABLE II
AREA BREAKDOWN OF AO-BFP AND OTHER ACCELERATORS.

Architecture Component Number Area (mm2)

Baseline FP16 PE (2630.50 μm2) 1024 2.694

BFP
Decoder (2534.11 μm2) 4

1.391
BFP6 PE (1348.07 μm2) 1024

AO-BFP
Decoder (2534.11 μm2) 4

1.269
AO-BFP PE (1229.63 μm2) 1024

energy mainly by shrinking activation and weight footprints

and skipping zero bit-slices induced by BFP. In contrast,

ANT, OliVe, and BitMoD require higher activation precision to

handle outliers, leading to substantially higher DRAM energy.

On average across models, AO-BFP-S achieves 4.44×, 1.58×,

1.41×, and 1.15× higher energy efficiency than FP16, ANT,

OliVe, and BitMoD, respectively. Compared to AO-BFP-D,

AO-BFP-S increases total energy by only 4.8%, indicating that

the memory-access overhead of sparse compression is modest.

Area. Table II reports the area breakdown of the FP16 baseline,

a conventional BFP, and AO-BFP at 28 nm and 400 MHz. Ben-

efiting from bit-width reduction, the two BFP PE designs ex-

hibit substantially lower hardware cost—48% and 53% smaller,

respectively, than the FP16 PE. AO-BFP further reduces per-

PE area by 8.8% relative to BFP. The decoder overhead is

negligible, accounting for only 0.8% of the PE array area.

VI. CONCLUSION

In this paper, we present AO-BFP, an algorithm-hardware co-

design framework for efficient LLM acceleration. We propose

adaptive exponent mapping and layer-wise mixed-precision

BFP to mitigate outliers and reduce bit widths with negligible

accuracy loss. A unified bit-serial PE is designed to support

mixed-precision BFP and integrate outlier handling into the

datapath, while exploiting BFP-induced bit-level sparsity for

speedup. Experimental results show that AO-BFP achieves

1.61×/1.39×/1.11× speedups and 1.58×/1.41×/1.15× energy

efficiency gains over ANT/OliVe/BitMoD, respectively.
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