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Abstract—The increasing scale of Deep Neural Networks
(DNNs) has made 2-bit quantization crucial for mitigating
memory bottlenecks on edge devices. Low-bitwidth floating-
point formats, offering larger dynamic ranges and avoiding
quantization steps, have emerged as promising alternatives to
fixed-point quantization. However, constructing viable floating-
point representations with fewer than 3 bits remains challenging,
as conventional formats require at least one sign bit, one
exponent bit, and one mantissa bit. We address this challenge by
introducing a novel data compression method that uses a 4-bit
encoding space to represent two floating-point values, achieving
an effective storage density of 2 bits per value. Depending on the
bit width of the exponent and mantissa, we propose two different
2-bit floating-point encodings: FP2-E1M0 and FP2-EOM1. Based
on FP2, we introduce two computing architectures that simplify
floating-point multiply-accumulate (MAC) operations into bitwise
addition and logic operations, reducing floating-point computa-
tion by factors of 2 and 4X. As a result, FP2 offers a practical
solution for efficient inference using floating-point arithmetic
on resource-constrained edge devices. Moreover, we analyze
the error characteristics of the Fr2 data format from three
perspectives. To validate the effectiveness of the FP2 format, we
conduct experiments on ResNet18/50 and ConvNeXt-Tiny using
the CIFAR-10 and ImageNet-1K datasets. Compared to FP4, our
approach reduces model size by 47 %, with accuracy loss is less
than 2 percentage points. Notably, on CIFAR-10, some results
are close to those of FP32. In contrast, when evaluated under
2-bit GPTQ, FP2 demonstrates significant advantages over the
baseline method on the LLAMA model. For hardware evaluation,
we implement our design at the RTL level and evaluate it on
both FPGA and ASIC platforms. Compared to computation
architectures based on FP4, our FP4XFP2 processing element
(PE) array reduces area by 15% and power consumption by
8% . Furthermore, our FP2 X FP2 PE array achieves a remarkable
78% reduction in both area and power consumption.

Index Terms—Deep neural network, low-precision floating-
point number, hardware accelerator.

I. INTRODUCTION

N RECENT years, the increasing size of models has
become a development trend in deep neural networks
(DNNs), especially with the rise of transformer-based
networks [1], [2]. The enormous computational cost associated
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Fig. 1. (a) The typical floating-point number format. (b) Block floating-point
number format.

with models having billions of parameters has exacerbated
the gap between computing power demand and supply [3],
[4], [5]. Therefore, an effective approach to the efficient
processing of DNNs is to represent numbers with fewer bits
while maintaining negligible loss in model accuracy. Using
lower-bit-width data formats not only enables high-quality
DNN inference and fine-tuning results, but also significantly
reduces the processing cost of DNNs. DNNs have always
been constrained by large amounts of data and computation.
By using appropriate numerical representations, data can be
encoded with fewer bits, which helps DNN hardware accel-
erators process the networks with lower memory usage and
computational complexity. To address these challenges, the
research community has been actively exploring the use of
low-bit-width fixed-point data formats during model inference
as an alternative to the traditional FP32 format. Recently,
the representation of numbers in DNN models has become
more diversified, with some works attempting to use low-
precision floating-point formats during both model fine-tuning
and inference. Notable examples are shown in Figurel(a)
include FP16, BF16, FP8, and Fp4 [6], [7], [8], [9].

In recent years, these formats have been widely used in
neural network computing [10], [11], [12], [13] and neural
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network accelerator design. Zhang et al. found that when the
bit-width is reduced to 8 bits, the hardware costs of low-bit
integer and floating-point MACs become very similar, while
the floating-point format greatly enhances the quantization
of LLMs [14]; Yan et al. applied floating-point numbers of
different bit-widths to FFT processor design [15]; Niu et al.
designed a logarithmic multiplier supporting FP8 [16]; Park
et al. developed a lightweight floating-point computing unit for
RISC-V processors [17]; Fang et al. proposed a reconfigurable
floating-point division and square root (FDSR) architec-
ture to achieve high-precision acceleration of the Softmax
operator [18].

Furthermore, as the scale of deep neural networks (DNNs)
continues to grow, memory bottlenecks have become a
key constraint for edge AI accelerators. Computing archi-
tectures relying on emerging non-volatile memory (NVM)
technologies—such as spin-transfer torque magnetic random
access memory (STT-MRAM) [19], [20], [21] and resistive
random access memory (RRAM) [22]—have shown great
potential in alleviating this issue. These emerging NVMs are
highly favored for their low standby power consumption and
high storage density, which aligns well with the advantage
of low-bit-width data formats in compact parameter repre-
sentation. By reducing the amount of data read from or
written to NVMs, the memory power consumption of edge Al
accelerators can be further reduced. For example, Chang et al.
implemented a DNN accelerator using block floating-point
data formats and compute-in-memory (CIM) [23].

Typically, two approaches are used to construct low-
precision floating-point formats. The simplest method is to
adjust the lengths of the exponent and mantissa, with a
typical example being BF16 [24]. It has an 8-bit exponent
and a 7-bit mantissa, and it was proposed for efficient DNN
processing. Currently, it is widely applied. However, when
compressing models to around 8 bits using this method,
excessively low exponent width can impair model accuracy.
The second method constructs low-precision floating-point
numbers by sharing the exponent within a block [25], [26].
A typical example is FP8, where the maximum exponent is
shared within a data block containing 32 data points. As a
result, each data element typically requires only 4 bits for the
exponent and 3 bits for the mantissa. Industry leaders, such
as NVIDIA, have not only begun to establish standards for
these formats but have also incorporated support for FP§ in
their cutting-edge hardware (e.g., the H100 GPU) [27]. By
sharing the exponent, the minimum floating-point data format
of 4 bits, FP4, can be constructed. However, some research
indicates that computation circuits with bit-widths lower than
3 bits can significantly enhance hardware efficiency [28], [29],
[30]. Therefore, we aim to establish a floating-point standard
with bit-widths lower than 3 bits.

However, when the bit-width is reduced to below 3 bits,
constructing feasible floating-point structures based on the
traditional sign, exponent, and mantissa components becomes
highly challenging due to the severe limitations on available
bits. This paper addresses this issue by introducing a new
data compression method. Specifically, this data format is built
on a shared exponent block floating-point format, with finer
granularity for sharing the exponent and mantissa. We use a
4-bit encoding space to represent two floating-point values,
such that each floating-point number has an effective bit-width
of 2 bits. Since the parameters of low-precision models are
often sparse, it is necessary to retain the ability to represent the
zero state for each of the two floating-point values. We reserve
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2 bits for flag bits (C) within the 4-bit encoding space to
convey the zero-state information for each value. A 1-bit sign
bit is used to store the sign of the data. Thus, only 1 bit remains
in the encoding space to store the exponent or mantissa of
the floating-point number. The proposed compression method
generates two distinct 2-bit floating-point encodings: FP2-
EIMO and FP2-EOM1.

Binary weight networks (BWN) [28], ternary weight net-
works (TWN) [29], APoT [31], BitNet [32] and BitNet
1.58b [33] have all explored 2-bit ultra-low bit-width data
formats. Notably, under the 2-bit constraint, floating-point
numbers degenerate into fixed-point representations, while
both uniform and non-uniform quantization schemes reduce
to ternary schemes. This inherent limitation highlights the
fundamental expressive ceiling of traditional 2-bit quantization
methods. Considering binary-based storage hardware, from an

information-theoretic perspective, storing ternary data in 2 bits
restricts the effective storage density to (%)b ® (where b is
the total bit-width). As data volume increases, this results
in significant representational capacity wastage. For example,
representing two adjacent ternary values using 4 bits achieves
only 9/16 utilization of the expressive capacity, implying
that compressed storage of adjacent values could theoretically
double the representation range compared to ternary data.
This makes floating-point implementations and both uni-
form and non-uniform quantization feasible under 2-bit
constraints. In Equation 1, we present the quantization levels of
ternary data versus FP2 formats. Each FP2 encoding provides
two additional quantization levels compared to ternary format.
Moreover, FP2-E1MO exhibits uniformly distributed levels
while FP2-EOM1 has non-uniformly distributed levels. Simul-
taneously, the compression/decompression overhead remains
bounded since only pairwise value processing is required.

Ternary: scale x {0, 1}
FP2-EIMO: scale x {0, £0.5, =1}
FP2-EOM1: scale x {0, £1, +1.5} (D

To validate the effectiveness of the FP2 format, we conduct
a comprehensive series of experiments on the CIFAR-10
[34] and ImageNet [35] datasets using ResNetl18/50 [36]
and ConvNeXt-Tiny [37]. Our results indicate that when
activations are retained in the FP4 format to preserve more
image information, compressing weights to FP2 and fine-
tuning on the high-resolution ImageNet dataset results in
an accuracy drop of approximately 1-2 percentage points
compared to FP4. This drop diminishes as the network model
size increases. On the simpler CIFAR-10 dataset, fine-tuning
with FP4 xFP2(A4W2) achieves accuracy comparable to both
FP4 and FP32. Furthermore, when activations are also com-
pressed to 2-bit and fine-tuned using FP2xFP2(A2W2), the
accuracy loss compared to FP32 remains around 2 percentage
points. We also conducted a comparative analysis of the zero-
shot performance for the proposed FP2 format based on the
LLAMA [38] model across three benchmark datasets (namely
Winogrande, Winograd, and Hellaswag [39], [40], [41]). The
results demonstrate that in a comparative evaluation under
2-bit PTQ, FP2 exhibits significant advantages over baseline
methods.

In terms of model size, using the FP2 format instead of
FP4 reduces model weight storage overhead by 47%. Taking
FP32 as the baseline, FP2 achieves a 93% reduction in
model weight storage overhead. Additionally, we evaluate our
design on FPGA and ASIC platforms. Compared to computing
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architectures based on the FP4 data format, our proposed
FP4 xXFP2 processing element (PE) array reduces area by 15%
and power consumption by 8%. Furthermore, our FP2 XFP2 PE
array achieves a remarkable 78% reduction in both area and
power consumption. We believe FP2 compression is grounded
in two key observations. First, weight redundancy: our 2-bit
compression essentially merges pruning and quantization, so
model redundancy is a prerequisite for effective compression.
Second, since models rely heavily on multiply-accumulate
(MAC) operations, outputs undergo temporal accumulation.
Consequently, pruning small values or compressing adjacent
data causes minimal fluctuations that do not significantly alter
overall trends after accumulation. Thus, this design is well-
suited for Al applications. The main contributions of this paper
are as follows:

e We propose a 2-bit floating-point encoding standard for
deep neural network fine-tuning and inference, which
reduces storage overhead by 47% compared to FP4 and
by 93% compared to FP32.

e We introduce two multiply-accumulate (MAC) compu-
tation schemes based on the FP2 format, FP4 xFP2 and
FP2 X FP2, maximizing system efficiency.

e We propose a multiply circuit design compatible with
two different encodings of the FP2 format, effectively
reusing logic circuits to maximize hardware resource
utilization.

e We present the evaluation results of the proposed design,
demonstrating that, compared to existing designs, the
proposed architecture significantly reduces resource and
energy consumption while maintaining acceptable model
accuracy.

II. BACKGROUND

A. Floating-Point Formats

In deep neural networks, the commonly used data format
is FP32. In order to further reduce the computational and
storage costs of models, many researches have started to focus
on using low-bit-width data formats instead of FP32, such as
FP16, BF16, FP8, and FP4. The specific structures of these
formats are illustrated in Figure 1(a). Similar to the definition
of FP32 in the IEEE-754 standard, the binary representation
of the above floating-point data formats consists of three
components: sign, exponent, and mantissa. The decimal value
of these floating-point numbers is represented as:

Viee = (=15 x 2578 x 1.M )

where V.. is the decimal value and S, E, B and M are
unsigned numbers denoting the sign, exponent, exponent bias
and mantissa, respectively. In this paper we will use EaMb to
represent different bit-width combinations of the exponent and
the mantissa, where a and b indicate the bit-width of E and
M. The IEEE-754 standard includes three special definitions.
The first is subnormal numbers, which can be calculated as
follows:

Viee = (=1 x 218 x 0.M 3)

Since subnormal numbers are distributed close to zero, all
subnormal numbers are set to zero in our work to simplify
the calculations. The other two special definitions are Infinity
(Inf) and Not a Number (NaN). Our work encodes these special
values by encoding the shared scale X as all ones.
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B. Block Floating-Point Formats

To mitigate the high computational overhead of floating-
point operations in deep neural network (DNN) inference,
the Block Floating-Point (BFP) data representation format
has gained widespread attention due to its hardware-friendly
characteristics. As shown in Figure 1(b), a BFP block consists
of multiple data elements P and a shared scaling factor X. All
elements P within a block adopt the same data format—for
example, fixed-point in MSFP and floating-point in MXFP.
By sharing a single scaling factor X within a BFP block,
traditional wide-bit-width floating-point multiply-accumulate
(MAC) operations are simplified into decoupled computations
of element-level operations and shared factor operations. Since
elements can be quantized to narrower bit-widths, the BFP
format achieves a better trade-off between arithmetic logic unit
(ALU) area overhead and numerical representation accuracy.
The setting of group num for BFP blocks is primarily balanced
by two factors: model accuracy loss and hardware design
complexity. For instance, Group num=16 in MSFP12 to reduce
accuracy loss caused by the element format (INT4); Group
num=16 in SFP8 to leverage FPGA DSP48s resources for
designing accumulation chains (supporting up to 16 cascades);
and Group num=32 in MXFP, a widely recognized trade-
off point between model accuracy loss and hardware design
complexity.

With NVIDIA’s support for low-bit-width floating-point
data formats in its latest GPU architectures, the FP8/4 formats
have been more widely adopted in the LLM field. It is worth
noting that since floating-point formats below 8 bits require a
shared scaling factor X per group to mitigate model accuracy
loss in practical applications, FP8/4 in real-world use typically
refers to the element format of MXFP8/4—as it does in
this paper. However, existing research on BFP representation
remains focused on 8-bit or 4-bit configurations, leaving a
significant research gap in the theory and application of ultra-
low-bit-width BFP formats (e.g., below 4 bits).

C. Extreme Quantization (below 4 bits)

Extreme quantization of deep neural networks (DNNs),
typically referring to bit-widths below 4 bits, aims to max-
imize hardware efficiency while maintaining model accuracy.
Courbariaux et al. [42], [43] were the first to demonstrate
that neural networks could operate at extremely low precision,
subsequently introducing binary neural networks (BNN) to
achieve 32x memory compression. However, BNNs face
significant accuracy degradation in complex vision tasks.

Rastegari et al. [28] introduced XNOR-Net, which achieved
a 58x speedup on CPUs via XNOR-based bit counting oper-
ations; Meanwhile, binary weight networks (BWN) [28] and
ternary weight networks (TWN) [29] explored intermediate
quantization levels: TWN employed ternary weights {-a, 0,
+a} to achieve a 16x compression, whereas BWN demon-
strated that when 1-bit weights are combined with a scaling
factor and paired with 32-bit activations, CNNs can achieve
acceptable accuracy on ImageNet. Zhou et al. [44] proposed an
end-to-end quantization framework called DoReFa-Net, which
supports the joint optimization of ultra-low bit-widths.

Research on Adaptive Power-of-Two (APoT) [31] quan-
tizations explores non-uniform quantization methods based
on fixed-point numbers constructed from powers of two,
revealing that powers of two are superior for quantiz-
ing Gaussian-distributed model parameters. Notably, APoT
degenerate into a ternary distribution (i.e., parameter values
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are restricted to {—a,0,a}) under a 2-bit bit-width constraint.
However, by employing specific tricks such as learning the
upper/lower bounds of quantization clipping ranges during
training and applying weight normalization, models based
on ternary distributions can achieve accuracy comparable to
full-precision (floating-point) models. With the advancement
of Large Language Models (LLMs), the concepts of Binary
Weight Networks (BWN) and Ternary Weight Networks
(TWN) have been applied to LLMs like BitNet [32] and
BitNet 1.58b [33]. Using tricks like large learning rates and
straight-through estimators, successful training of LLMs with
binary or ternary parameters has been achieved on mass-scale
text corpora, reaching performance levels comparable to the
original full-precision models.

It is evident that under the 2-bit bit-width limitation,
extreme quantization efforts invariably converge on ternarized
parameter distributions. The aforementioned research also
demonstrates that ternary parameters, coupled with specialized
fine-tuning tricks, can achieve capabilities comparable to full-
precision models, and this generalizability holds across various
model architectures. However, ternary parameters face signif-
icant limitations from a hardware storage perspective. Binary
storage hardware inherently requires ternary data to occupy a
2-bit storage width. From an information-theoretic standpoint,
the effective storage density is constrained to (%)h/2 (where
b denotes the total bit-width). As data volume increases, this
leads to significant wastage of representational capacity.

Recently, ultra-low-bit quantization via Vector Post-Training
Quantization (VPTQ) [45] has gained significant traction in
the Large Language Model (LLM) space. Vector quantization
(VQ), similar to lookup table quantization, maps high-
dimensional vectors to a set of predefined low-dimensional
vectors, which are pre-stored in a codebook (lookup table).
During encoding, each data point is represented by the index
of its corresponding codebook vector; during decoding, these
indices approximate the original data. This reduces storage
requirements and enables fast vector reconstruction via simple
indexing, thus achieving equivalent 2-bit weight compression.
However, during inference, it not only requires looking up
and reconstructing weight vectors from the codebook but also
demands high precision for both activations and reconstructed
weights—resulting in continued complexity for hardware com-
putation circuit design. Notably, vector quantization methods
like VPTQ are not in the same category as our scalar-wise
approach.

III. THE FORMAT OF 2-BITS FLOATING-POINT

We propose a generic 2-bit floating point format (FP2) that
can further improve the hardware efficiency of deep learning,
including storage and computational efficiency.

Typically, floating-point formats smaller than 3 bits are
considered infeasible due to the basic structure limita-
tion. A floating-point number consists of three components:
sign, exponent, and mantissa, each requiring at least 1 bit.
Eliminating the exponent bit would effectively convert the
floating-point format into a fixed-point representation, thus
it no longer makes sense as a floating-point. Conversely,
removing the mantissa bit would leave the format capable
of representing only 0 and Inf. Since floating-point numbers
inherently represent both +0 and -0, even when using the
shared scale X to encode Inf, such a floating-point number
can only represent three values: -2, 0, and 2. We propose a
data format where two adjacent numbers share a set of sign
bits, exponent bits or mantissa bits, along with an additional
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Fig. 2. The definition of the FP2 format. Two adjacent numbers in each
block are grouped, and each number in the group shares 1 bit of sign and 1
bit of exponent or mantissa. FP2 is classified as FP2-EOM1 and FP2-E1MO
depending on whether the preserved 1 bit is used for the exponent or mantissa.

1 bit specifically allocated to indicate whether a floating-point
number is zero. The proposed data format not only represents
a wider range of numbers but is also symmetric about zero.
Given that most neural network parameters follow a Gaussian
distribution, this format is better suited for representing the
weights of neural networks.

Figure 2 illustrates the definition of the FP2 format. Specif-
ically, 32 original floating-point numbers are grouped into a
block, with each block sharing an 8-bit shared scale X. Within
each block, two adjacent floating-point numbers form a pair,
and each floating-point number within the pair shares 1 bit for
the sign, 1 bit for either the exponent or the mantissa, and 2 bits
for a flag C. The flag C indicates whether the original number
is zero, enabling the 1-bit exponent or mantissa to represent
valid values and enhance efficiency. Depending on whether
the retained bit is for the exponent or the mantissa, the FP2
format is classified into FP2-EOM1 and FP2-E1MO. Since 2
adjacent floating-point numbers share a 4-bit encoding space,
the equivalent encoding of an average floating-point number
is 2 bits. Our data format reduces storage overhead by 92.97%
compared to FP32 and by 47.06% compared to FP4.

The detailed encoding scheme is summarized in Table I.

The encoding formulas for FP2-EIMO and FP2-EOM1 are
given as Equation 4 and 5, where V represents the decimal
value, E the exponent, M the mantissa, and X the shared scale.

Vepa-gimo = (=1)° x 2575 )
Vepr-gom = (=1° x 1.M x 2% (5)

Furthermore, regarding irregular numbers such as NaN/Inf,
we encode the entire block as NaN/Inf on a block-wise basis.
The specific encoding is shown in the equation:

Vnan :{X : [1111 1111] {P;}}_, : [Not Zero]}
Vi AX : [1111 1111] {P3}iL, : [Zerol} (6)

Figure 3(a) shows the numerical range of FP2. Compared
to integer data formats, FP2 supports the representation of
both integers and fractional values. By leveraging the shared
scale X, FP2 exhibits superior expression capability compared
to integer formats. Furthermore, FP2-EIM0O and FP2-EOMI1
exhibit distinct distributions. FP2-E1M0 follows an expo-
nential distribution, while FP2-EOM1 performs interpolation
within powers of 2, enabling it to represent the original data
more accurately. Figure 3(b) illustrates the range of FP2 values
within a block. Since each block shares the same scale X, each
FP2 encoding can represent five distinct values. Since neural
network weights typically follow the normal distribution, most
values are concentrated near zero. As a result, FP2-E1MO0
demonstrates strong representational capability for weights.
In contrast, the FP2-EOM1 format has a lower exponent
truncation threshold, thus Dropouting more parameters to
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Fig. 4. RISC-V extended instructions for FP2.

zero—resulting in sparser pruned data while enabling more
accurate representation of outliers. Typically, this introduces
more errors, leading to degraded model performance, but it
provides an additional quantization option for representing
irregularly distributed data in specific network layers.

Moreover, as we pointed out in Section II-C, traditional
fixed-point schemes (e.g., APoT, BitNet b1.58) under a 2-
bit bit-width constraint exhibit a representable range of {0,
+a} (where a denotes the quantization interval boundary).
Since the scaling factor scale can be stored independently, this
representation is fundamentally equivalent to scale x {0, 1}
(ternary representation).

From a mathematical perspective, our proposed FP2 format
provides the following quantization steps at 2-bit storage
density: FP2-E1MO(scale x {0,+0.5, £1}), FP2-EOM 1 (scale x
{0, +1, £1.5}).

By fully utilizing the encoding space, our FP2 data format
mathematically constitutes a superset of ternary representation.
Therefore, under identical conditions, FP2 theoretically pos-
sesses superior representational capacity compared to ternary
networks.
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IV. FP2-BASED DNN COMPUTING ARCHITECTURE

DNN accelerators need to handle various operations
across different layers, with computation—especially matrix
multiplication—being the most critical for performance. This
chapter introduces a neural network compute unit designed
specifically for Fp2 data. By analyzing the multiplication
operation of FP2 data, we propose the following optimizations
to enhance the compute architecture:

e Separate the storage of the shared scale X from the data

itself, implementing an independent compute channel for
X in hardware. This improves both data locality and
compute efficiency.

e Optimize the multiplication-accumulation (MAC) process
for FP4 and FP2 formats by replacing multiplication
operations with bit-wise additions.

e Propose a method to directly compute the FP2 format by
using the flag C to decode the multiplication factor.

e Reuse components to support computations for both Fp2
formats (EOM1 and E1MO), to further reducing hardware
overhead.

Subsequent sections will detail these optimizations.

A. RISC-V Extended Instructions for FP2

To achieve compatibility between the FP2 format and RISC-
V processors, we have extended the RISC-V instruction set
for the FP2 format. The key to compatibility between the
FP2 format and the RISC-V instruction set is enabling the
computing unit to perceive the data format of inputs and
outputs. We transmit data precision (FP4/FP2) and encoding
methods (FP2-EOM1/E1MO) to the computing unit through
additional register fields.

In traditional RISC-V instruction sets, data pointed to by
sources and destinations are 1Byte, 2Byte, 4Byte, and 8Byte.
In contrast, the FP2 structure adopted in this paper contains
a data pair of only 4 bits; thus, we do not use the SISD
representation. To improve instruction efficiency, our instruc-
tions adopt a SIMD style. Source and destination registers
represent a matrix with 16 rows and 16 columns of FP2 pairs.
For an FP2 matrix, its size is 128B, and X is 16B. This
requires the computing microarchitecture to read 128+16Bytes
of feature maps and weight data of the same size per cycle
when accessing memory. When the input feature map uses
the Fp4 format, the required data bandwidth is 256B. The
data specified by sources and destinations during instruction
execution of matrix multiplication is shown in Figure 4(b).

The encoding format of the extended RISC-V instructions
is shown in Figure 4(a). To adapt to our proposed FP2 data
format and related hardware architecture, we appended two
additional fields, # and g, after each input/output register
specification in the instruction. The field ¢ has a 2-bit encod-
ing space, representing the data precision (4-bit/2-bit) and
encoding type (FP2-EOM1/EIMO) of the input/output data,
respectively. The field g can be used to adjust the quantization
granularity of input/output data; common group numbers are
32 and 64, and we use 32 by default in our work. Since
our data types can be configured to hardware along with
instructions, we can achieve flexible data configuration at the
instruction granularity.

B. The Neural Network Accelerator

Figure 5 presents the architecture of a standard neural
network accelerator. The Processing Element (PE) array fea-
tures a 16 x 16 grid structure, with each PE containing 16
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Fig. 5. The architecture of DNN accelerator using FP2 format.

FP2 computing units that handle partial sum(Psum) calcula-
tions for multiply-accumulate (MAC) operations. This forms
a 16 x 16 x 16.3D systolic computing array, enabling the
processing of convolutional Psums for 256 input feature map
blocks and 256 weight blocks per cycle.

One block comprises 32 raw data points, each with a
shared scaling factor X—the maximum exponent in the block.
We set 32 data points per block, drawing on the MXFP
data format proposed by Microsoft and NVIDIA [27], which
strikes a good balance between model accuracy and hardware
resources. We decouple scaling factor computation from inter-
data calculations: activation and weight data are processed
in the MAC array, whereas the scaling factor is computed
via a dedicated bypass. The processing granularity of the 16
PE arrays is fully aligned with the block structure, meaning
multiple X values (each tied to a data block) coexist in the
MAC array. These are managed systematically via the ‘block-
PE binding’ mechanism, detailed below:

For data transmission, the PE sub-array—comprising 16 Fp2
Processing Units per cycle—takes inputs of Fm[0:15][0:data
len] and Wt[0:15][0:data len]. Here, [0:15] corresponds to
the 16 FP2 Processing Units, and aligns with the structure
where 32 data points in each FP2 data block undergo 2-to-1
compression into 16 pieces of 4-bit data. [0:data len] denotes
the input data bit-width of each Processing Unit: it ranges from
[0:3] for the FP2 format, whereas for feature map data in FP4
format, it ranges from [0:7].

The entire PE array processes 16 x 16 input feature
map blocks and 16 x 16 weight blocks per cycle. Since
each FP2 block maps to one X, 256 blocks accordingly
map to 256 X values—requiring 256 Xs to be processed
per cycle. For Psums within an activation block and a
weight block, activation-weight multiplication occurs first.
Since X is a shared exponent, the X values of the activa-
tion and weight must be summed. During intra-block data
accumulation, the shared exponent X obviates the need to
normalize accumulated data. Consequently, for one feature
map block and one weight block, their corresponding X values
only require addition during intra-block multiply-accumulate
(MAC) operations—hardware-wise, this equates to 16 FP2 PE
sub-arrays tied to a single 8-bit fixed-point addition bypass.
Thus, X introduces minimal extra overhead in the spatial MAC
section and no additional latency.

For storage, as X is block-level shared data (one 8-bit X
bound to every 32 data points), the proportion of its additional
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data volume is far lower than that of the main activations and
weights data. Specifically, the proportion of X in the FP2 data
format is quantified as: 8/(2 x 32+ 8) ~ 11.1%. Since weight
compression can be executed offline and FP4xFP2 compu-
tation results are stored in FP4 format without compression,
only FP2 X FP2 computation results require online compression
before the final results are sent back to on-chip SRAM.

C. The Temporal Accumulation Module

The Temporal Accumulation Module is a critical com-
ponent in DNN accelerators, responsible for accumulating
Psums generated by the spatial multiply-accumulate (MAC)
module cycle-by-cycle to yield the final convolution results.
Its core design addresses the issue that the three steps of
traditional floating-point addition—exponent alignment, fixed-
point mantissa addition, and exponent normalization—cannot
be completed in a single cycle, causing accumulation pipeline
stalls, while ensuring no precision loss during accumulation.
Drawing on our prior work [26], our design fully reuses
FPGA DSP48E2 resources. Leveraging the DSP’s inherent
features—17-bit fixed right-shift output circuitry, configurable
arbitrary-bit left-shift for the 27 x 18 multiplier, and single-
cycle 48-bit accumulation—it enables parallel processing
of the fractional and exponent parts of floating-point data.
Notably, the ‘exponent’ in the FP2 format temporal accumula-
tion process refers to the Psum’s scaling factor X. The module
operates in three steps:

e Initialization: The module initializes the fractional part
and scaling factor X of the internally buffered accumu-
lated value (inner) to either O or Bias.

e Dynamic alignment: Calculate the difference S between
inner.X and the input Psum.X. Based on S’s magnitude
and sign, determine whether to invoke the DSP’s fixed
17-bit right-shift circuitry. For example, if S is between
0 and 17, keep inner.X unchanged and only shift the
Psum’s fractional part for alignment, avoiding complex
bidirectional adjustments.

e Non-blocking accumulation: Since inner.X can be com-
puted in a single cycle without waiting for the previous
pipeline stage’s result, the module achieves non-blocking
back-to-back accumulation. This effectively breaks the
efficiency bottleneck of traditional floating-point accumu-
lation, ensuring the continuity and high efficiency of the
accelerator’s overall computation.

Subsequently, these results are sent to the post-processing

module for further operations such as activation and pooling.

D. Design of FP4XFP2 Processing Unit

One common application scenario for the FP2 format is
to compress weight parameters using the FP2 format while
employing the standard FpP4 format (which consists of 2 bits
for the exponent and 1 bit for the mantissa) for activations
[27]. This approach offers two main advantages: first, the
use of the FP2 data format can greatly alleviate storage
constraints during model deployment, and second, all data
compression can be performed offline. However, the FP4 X FP2
computation unit requires the additional decoding of the Fp2
format. Considering that adjacent weights share storage in the
FP2 encoding, we optimized the multiplication computation
process between FP4 and FP2 at the granularity of adjacent
data by referring to the Mitchell approximation principle [46].

Taking four inputs F;, F,, W; and W, as an example, where
JF1 and F, are in FP4 format, and W; and W, in FP2 format
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share the same exponent or mantissa, ensuring |W;| = |W,|. By
decoding the sign S and flag C of W into the original weight’s
sign, the multiply-accumulate operation simplifies to:

Py = F1 X W+ Fo x W,
=(FLE=F)xW (7)

For weights encoded in the FP2-E1MO0 format, the multiplica-
tion simplifies to bit-wise addition as Equation 8. For weights
in the FP2-EOM1 format, depending on the mantissa value M,
the multiplication further simplifies as Equation 9

FxW=Fx28=F+2bEO (8)
FxW=Fx1.M=F+2b0M )

Therefore multiplication can be replaced by bit-wise addition:
Pyyn = BltAdd((]:l =+ ]:2)» W) (10)

Through the aforementioned simplifications, the computational
workload can be reduced by approximately half.

To correct the error in the approximate implementa-
tion of FP4xFP2 multiplication via bitwise addition, we
traversed all multiplication results and their correspond-
ing addition results. The findings show that a discrepancy
between the multiplication result and the addition result
only occurs when the mantissas (M) of both FP4 and
FP2 are 1. When M=1, the fractional part is 1.5. In this
case, the actual multiplication result is 2.25, while the
result approximated by bitwise addition is 2. Thus, we cor-
rect this approximation error by introducing an additional
bit (M1&M?2).

E. Design of FP2XFP2 Processing Unit

For FP2 multiplication, our approach enables computation
directly in the FP2 format by decoding the flag bit C of
F and W into a multiplication factor K. For the multipli-
cation between input activation F and weight W, the flag
bit C is first used to decode F and W into their orig-
inal floating-point representations JFi, F,, Wi, W,. The four
values are then used to compute their multiply-accumulate
operations.

As shown in Table II, the decoded floating-point values
based on C have only three possible states: 0, F, and —F.
From all possible decompression cases, the resulting product-
sum operation for a set of FP2 data can be expressed in
the form of K x (F x W), where K is referred to as the
multiplication factor.

e When Py, = 0, the multiplication factor K is set to 0,

and no further multiplication is required.

e When Py, = —(F x W), K is set to —1, and the sign bit

of the multiplication result is inverted.

e When Py, = 2 X (F x W), K is set to 2, and the

multiplication result is shifted left by one bit.

e For all other cases, K is set to 1, and the multiplication

result directly serves as the final output.

By converting the multiply-accumulate operations in
floating-point format into multiplication factor and operations
in the FP2 format, we optimized the FP2 computation units,
reducing the computational workload by approximately one-
quarter. Compared to traditional data compression methods,
the FP2 format eliminates the need for decompression, reduc-
ing on-chip storage space by half. Additionally, it saves
hardware area by avoiding the introduction of complex decom-
pression logic.
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TABLE 1
THE ENCODING METHOD OF THE FP2 FORMAT

Number S E M C
Fi1 S1 | F1 M None
Fa So | Ea Mo None
Condition of judgment S E M C
F1#0& F2#0 | 51 None Mavg 11
IEE’Z—EOEI) F1#£0& Fo =0 | S; | None M 10
1792 TF =0& F2 £0 | S2 | None | My 01
F1#0& F2#0 | S FEraz | None 11
I(:E’Z—Ezlgo) F1Z0& F2 =0 51 | Ex None | 10
L= TA=0& 70 [ 5 | B2 None | 01
S1# 52, F1#0& Fa #0 Same as above. 00
Fi=0&F5=0 0 J0O [0 00

TABLE I
DECODING THE MULTIPLICATION FACTOR

K | F w Psum Out
Cr Cw F1 X W1 + Fo x Wo
00 11 FXW+ (—F)x W
0 01 10 Ox W4+ F x0 0
10 01 Fx04+0xW
11 00 FXW 4+ F X (=W)
00 | 01 FXO0F+ (=) xW
1T 100 [ OxWEFFX (W) —FxW
00 00 FXW+FxXW
2 [ Fxwr A xewy ] 2w
1 Other cases FxW FxW
TABLE III
THE TRUTH TABLE OF FP2 MULTIPLICATION
Input Calculate Out
Mz My C M, M; Ms
EP2 0 0 1.0 x 1.0 = 01.00 0 1 0 0
EOM1 0 1 1.0 x 1.1 =01.10 0 1 1 0
1 0 1.1 x 1.0 =01.10 0 1 1 0
1 1 1.1 x 1.1 =10.01 1 0 0 1
Er Ew M, M, M;s
FP2 0 0 1.0 x 1.0 = 1.00 1 0 0
EIMO 0 1 1.0 x 0.1 =0.10 0 1 0
1 0 0.1 x 1.0 =10.10 0 1 0
1 1 0.1 x 0.1 =0.01 0 0 1

F. Design of FP2XFP2 Multiplication Circuit

To accommodate different data encoding formats in vari-
ous layers of neural networks, our design ensures hardware
compatibility with both two FP2 formats. For the multi-
plication between FP2-E1MO and FP2-EOM1, the hardware
implementation is very simple, requiring only one 1-bit right
shift of the FP2-E1MO0 data.For FP2-EOM1 multiplications,
the maximum output width is 4 bits, consisting of 1 carry
bit and 3 mantissa bits, with the decimal point between M,
and M,. For FP2-E1MO, the output width is 3 bits, entirely
in the mantissa. As shown in Table III, we derive the input-
output relationship for both formats based on these properties.
According to Table III, we express the direct relationship
between the output and input of the two FP2 formats under 2
bits by Equation 11 and 12.

S=SreSwy
C=MrAMy

FP2pom My = ~(Mx A My) (11)
My, = Mr® My
M3 =Mxr AN My
S=SreSw
M, =—(EF || Ew)

FP2 12

E1MO M2=E]-‘®EW ( )

M; =Exr AEy
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Fig. 6. The multiplication logical circuit of FP2.
TABLE IV

THE STATISTICS OF THE E-DIFF OF THE ACTIVATION AND
WEIGHT IN RESNET18

Pretrain Model Fine-tuning Model

E-diff Weight  Activation | Weight  Activation
0~1(FP2-EOM1) | 76% 95% 78% 95%
0~2(FP2-E1MO) | 87% 97% 89% 97%
>2(Dropout) 13% 2% 11% 2%

In the FP2-EOM1 encoding, the logic circuits for C and M3
are identical and opposite to that of M;. Therefore, as shown in
Figure 6(a), we implement the logic circuits for C, M3, and M,
by reusing the NAND gates. In the FP2-E1MO encoding, the
logic circuits for outputs S, M,, and M3 are exactly the same
as the corresponding circuits in the FP2-EOM1 encoding. As a
result, by building upon the multiplication circuit of the FP2-
EOM1 encoding, the multiplication for the FP2-E1M0 encoding
can be achieved with the addition of just one NAND gate and
a two-way MUX, as illustrated in Figure 6(b). Compared to
the implementation of separate circuits for different formats,
our approach achieves compatibility for both FP2 encodings
by reusing the components, thus reducing hardware resource
overhead.

V. ERROR ANALYSIS

In deep learning applications, the FP2 data format enhances
hardware efficiency through an innovative encoding scheme,
yet it inevitably introduces errors. These errors arise from
diverse sources and have a complex impact on model accuracy
and performance. The following provides an in-depth analysis
of the rounding error, quantization error, and mean-value error.

A. Rounding Error

In the FP2 format, when processing two adjacent nonzero
floating-point numbers, F; and J,, the larger exponent, Ep,x,
is chosen as the shared exponent. This means that the number
with the smaller exponent must be adjusted during representa-
tion, which introduces a rounding error. As shown in Table IV,
we evaluate this error by statistically analyzing the exponent
difference (E-diff) between adjacent floating-point numbers in
ResNet-18 model parameters, with the experimental setup of
2-bit activations, 2-bit weights and the CIFAR-10 dataset.

Due to the different expressive capabilities of the Fp2
encoding schemes, when E-diff exceeds 1, the number with
the smaller exponent is completely truncated and becomes
unrepresentable under the FP2-EOM1 encoding. In contrast,
under the FP2-E1MO encoding, the number with the smaller
exponent is entirely truncated when E-diff exceeds 2.

As illustrated in Table IV, in the pre-trained ResNetl8
model, approximately 76% of the weight parameters and 95%

0.1 o1 -04 -03

02 -01 00 o1 02 03 04
Value
FP2gmo=%[0, 0.5, 1]
(b) Set of values in FP2g4y, format

00
Value
FP2goyy=2£[0, 1, 1.5]

(a) Set of values in FP2¢,, format

Fig. 7. Adaptation relationship between different floating-point data distribu-
tions and FP2 encoding: Showing the scenario of FP2-EOM1 for representing
high outliers in bimodal distributions (scenario without truncation when
E-diff < 1), and the low quantization error characteristic of FP2-E1MO for
bell-shaped distributions (no truncation when E-diff < 2); different encoding
methods match the E-diff truncation rules and representability requirements
under different distributions.

of the activation values are representable using the FP2-EOM 1
encoding, while about 87% of the weight parameters and
97% of the activations are representable using the FP2-E1MO
encoding. We also analyzed the parameter representation after
fine-tuning. Compared to the pre-trained model, the fine-tuned
model exhibits an approximately 2% increase in the number of
representable weight parameters. Moreover, some studies have
demonstrated that the accuracy loss caused by pruning 25%
of the weight parameters in DNN models can be recovered
through fine-tuning [47].

B. Quantization Error

Quantization error is primarily introduced by differences in
numerical range and precision. In contrast to the commonly
used full-precision format, FP32, whose binary representa-
tion comprises 1 sign bit, 8 exponent bits, and 23 mantissa
bits—thus offering an extremely wide numerical range and
high precision—the FP2 format uses only 2 bits to represent a
floating-point number, resulting in a very limited representable
range and lower precision. Some studies have shown that
quantization error is affected by both the distribution of
the original data and that of the quantized data [48], [49].
When comparing the distributions of full-precision data and
FP2-quantized data, the full-precision distribution accurately
reflects the characteristics of the original data, whereas the
limited quantization levels in FP2 lead to changes in the distri-
bution. Specifically, an originally continuous data distribution
may become aggregated or discretized after quantization.

When representing the weights of a neural network, full-
precision weights often exhibit a smooth distribution that
reflects the model’s varied focus on different features. How-
ever, after quantization to the FP2 format, some weight values
may be merged into the same quantization level, resulting in a
discrete distribution that fails to accurately capture the model’s
ability to differentiate between features.

We statistically analyzed the distribution of weight parame-
ters, and common parameter distributions conform to either a
bell-shaped (Gaussian) distribution or a bimodal distribution,
as shown in Figure 7. For example, as illustrated in Figure 7(a),
our proposed FP2-E1MO data format, which exhibits a uniform
distribution, results in a smaller quantization error for bell-
shaped distributions centered around zero, whereas for certain
distributions—such as bimodal distributions—the quantization
error is larger. Conversely, as shown in Figure 7(b), the
FP2-EOM1 encoding exhibits a smaller quantization error for
bimodal distributions, but incurs a larger quantization error
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for bell-shaped distributions. To mitigate quantization error,
we employ different FP2 encoding schemes based on the data
distributions of various layers in the DNN.

C. Mean-Value Error

The FP2-EOM1 encoding format additionally introduces the
averaging of the mantissa part M. Replacing each individual
mantissa with the average of the two mantissas for com-
putation obviously introduces calculation errors. Therefore,
we have quantitatively analyzed this error. Taking Fi, F>,
Wi, and W, as examples, the error introduced by performing
multiplication using the averaged mantissas can be expressed
by the following Equation 13.

Err = (FW, —|—.7:2W2)—2( > 5
_ G = )W = Wa)
2

The maximum relative error can be expressed by the fol-
lowing Equation 14.

Fi -|-.7:2) (W1 + Wz)

(13)

Err = (F1 = F)(W; — Wy)
2F W, + FoWy)
Since Fi, F,, Wi, W, are compressed using the FP2-EOM1
format, we have F; = Mz, F», = Mr,, Wy = My, and
W, = My,. Therefore, the above expression can be rewritten
as Equation 15.

(14)

Err = Mz, — Mx,)(My, — My,)
2(M 7, My, + Mz, My,)

Since M € [1,2), the above expression attains a maximum
relative error of 10% when Mz, ~ 2, Mz, = 1, My, = 2,
and My, = 1. Because the maximum value of M is given by
2 - Z,,LM, where b, denotes the bit-width of the mantissa, the
achievable maximum relative error is related to the bit-width
of M. Specifically, when M is represented with 0, 1, 2, and
3 bits, the maximum relative errors are 3.8%, 7%, 8.5%, and
9.2%, respectively, and as the bit-width of M increases, the
error approaches 10%. Considering that reducing the bit-width
of the fractional part leads to a smaller error from mantissa
averaging, this is highly favorable for our application scenarios
involving extremely low-bit-width floating-point numbers.

5)

VI. EVALUATION
A. Model Evaluation

We compared FP2 format against FP4, FP8 [6], ternary
weight networks (TWN) [29], binary weight networks (BWN)
[28], and full-precision networks (FWN) on classification tasks
using the CIFAR-10 and ImageNet-1K datasets.The encoding
scheme for the FP8 format is E4AM3, and the FP4 data format
uses an encoding comprising 2 exponent bits and 1 mantissa
bit, with 32 numbers grouped together to share a common
scaling factor.

The work on APoT [31] demonstrates that, by employing
additional fine-tuning optimization tricks such as learning
the upper/lower bounds of quantization clipping ranges dur-
ing fine-tuning and applying weight normalization, ternary
quantized models can achieve accuracy comparable to full-
precision models. Since our proposed FP2 scheme is a superset
of quantization for ternary neural networks, these fine-tuning
tricks could theoretically be transferred to FP2. However, they
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TABLE V
ACCURACY(%) OF CIFAR10-RESNET18/50

ResNet18 | ResNet50
FWN(F'P32) 95.00 95.10
BWN(A32W'1) 91.73 /
TWN(A32W2) 92.56 /
FP4 X FP4(A4W 4) 94.32 94.74
FP4 X FP2(A4W2) 94.50 94.46
FP2 XFP2(A2W2) 92.71 92.30

! Fine-Tuning epochs: 10, Learning rate: 10~3.
2 The first and last layers of the network were
not compressed.

were not incorporated into our work. Instead, we chose TWN
(Ternary Weight Networks) as the evaluation baseline because
our research primarily focuses on the data format itself, rather
than the design of fine-tuning tricks.

For the model fine-tuning process, we followed the most
recent MXFP work published by Microsoft [27]. Prior to the
input of each convolutional layer during the forward pass of
neural network fine-tuning, both input activations and weights
are converted to the corresponding formats. In that work, to
avoid gradient overflow and underflow, the backpropagation
process employs the BF16 data format and adopts a straight-
through strategy, thereby not propagating gradients from the
data compression process [24]. We also use the BF16 data
format during the backpropagation phase of model fine-tuning.
Our learning rate was set to 1073, and fine-tuning was con-
ducted for approximately 10 epochs.

For simplified datasets such as CIFAR-10, we evaluated
fine-tuning using 2-bit activations and weights. Numerous
studies have shown that in deep learning, the activation bit-
width needs to be greater than that of the weights [44]. This
is because excessive compression of high-resolution image
inputs (e.g., ImageNet) leads to overly sparse activations
and significant loss of image information. Therefore, in this
benchmark, we employed FP4 for activations and FP2 for
weights (A4W2). In addition, in line with many works in the
quantization domain, we did not compress the first and last
layers of the network. Compressing the first layer typically
results in overly sparse representations that severely degrade
network performance, while compressing the last layer, which
contains relatively few parameters, often leads to unacceptable
accuracy loss.

Table V presents the classification results on the CIFAR-10
dataset, where we evaluate ResNetl18 and ResNet50 models.
The baseline for comparison is the Full-Precision Weight Net-
work (FWN). Binary Weight Networks (BWN) are also tested,
which use 32-bit full-precision activations while restricting
weights to 1-bit values represented by a sign function (+1 or
-1). Additionally, we test Ternary Weight Networks (TWN),
which also employ 32-bit full-precision activations but repre-
sent weights using 2-bit values to encode +1, -1, and 0.

When using FP2 to compress both activations and weights,
the results show that FP2 outperforms BWN and TWN. The
performance gap between FP2 and TWN is smaller than the
gap between FP2 and BWN. However, FP2 demonstrate a
noticeable accuracy gap compared to FWN. We attribute this
discrepancy to the significant loss of activation information
when compressed to 2 bits. To address this limitation, we
modify the activations to FP4 while keeping weights in FP2
format for benchmarking. Experimental results indicate that
with FP4 xFP2, the FP2 model achieves performance compa-
rable to the full-precision model.
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TABLE VI
ACCURACY(%) OF IMAGENET-1K RESNET18/50

ResNetl8 | ResNet50 | ConvNeXt-Tiny
FWN(F'P32) 69.76 77.40 82.52
BWN(A32W1) 60.80 / /
TWN(A32W2) 61.80 / /
FP4 X FP4(A4W 4) 67.19 74.86 79.87
FP4 X FP2(A4W 2) 65.58 74.28 78.32

! Fine-Tuning epochs: 10, Learning rate: 103,
2 The first and last layers of the network were not compressed.

TABLE VII
ZERO-SHOT RESULTS FOR FP2 FORMAT AND THE BASELINES

Models Methods Whits | Param | Benchmark Avg?t
BF16 16 1x 473

LLaMA 1B | GPTQ 2 8x 40.5
FP2(A4W2) 2 8x 44.4
BF16 16 Ix 54.1

LLaMA 3B | GPTQ 2 8x 448
FP2(A4W2) 2 8x 47.5

! Fine-Tuning epochs: 10, Learning rate: 103,
2 The first and last layers of the network were not compressed.

Table VI summarizes the classification results on the
ImageNet-1K benchmark. We fine-tune inference using the
FP2 format for 10 epochs on a full-precision model without
applying any additional optimization techniques. Compared to
CIFAR-10, the accuracy loss of low-precision data formats is
more pronounced on large-scale image datasets. However, the
performance gap between FP2 and the full-precision model is
significantly smaller than that observed with Ternary Weight
Networks (TWN) and Binary Weight Networks (BWN).
Furthermore, when we replaced ResNetl8 with larger-scale
networks such as ResNet50 and ConvNeXt-Tiny, the accuracy
loss of the FP2 format compared to full-precision models was
reduced to approximately 3—4 percentage points.

Table VII provides a detailed comparative analysis of the
zero-shot performance of our proposed FP2 format against
various baseline methods on three benchmark datasets (i.e.,
Winogrande, Winograd, and Hellaswag). The current work
in this paper focuses on model fine-tuning and inference.
For fair comparison, the selected baselines are the original
LLAMA model (BF16) and a model quantized via the most
common PTQ scheme, GPTQ-2bit. Results show that Fp2
demonstrates significant advantages over baseline methods in
the comparative evaluation of 2-bit PTQ, with the reported
values representing the average performance across the three
benchmark datasets.

Experimental results demonstrate that under the same stor-
age density, compared to ternary quantized model parameters,
FP2 exhibits superior parameter representational capacity.
Specifically, FP2 provides more quantization levels and
achieves higher accuracy through pairwise data compression.
Regarding CNNs, as the model scale increases, the accu-
racy gap between FP2 and full-precision networks narrows.
This suggests that as neural network models expand, the
redundancy in their parameters also increases. By fine-tuning
models using the low-bit-width floating-point FP2 format,
redundant information can be compressed during fine-tuning,
significantly reducing model parameter size while incurring
minimal performance loss.

B. Hardware Evaluation

Table IX presents the storage and computational benefits of
our proposed architectures compared to various floating-point
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TABLE VIII
FPGA RESOURCE COMPARISON
PE Array | Res. Comp. | Per PE | Res. Comp.
(LUTs) (PE Array) | (LUTs) (Per PE)

FWN(A32W32) | 8701.4K 43.30x 33.99K | 45.62x
BWN(A32W1)
TWN(A32W2) 3909K 19.45x 15.27K | 20.50%
FP8(A8WS) 176.7K 8.79x 7.17K 9.62%
FP4(A4W4) 201K 1x 745 1x
FP2(A4W2) 150K 0.75x 562 0.75x
FP2(A2W2) 43.8K 0.22x 155 0.21x

! Device: Xilinx ZU9 FPGA; Frequency: 200 MHz.

2 Modeling based on RTL Verilog; synthesis with Xilinx Vivado, refer-
enced to Xilinx ZU9 FPGA technical documentation [50].

3 ‘Res. Comp.” in the table refers to ‘Resource Compression Ratio’, with
FP4(A4W4) as the baseline (set to 1x).

TABLE IX
OVERHEAD OF THE PROPOSED FP2 ARCHITECTURE

Storage Operations Computation
Saving | Used in DNN Saving
FWN(A32W32) | 1 X, + 1
BWN(A32W1) 32x Nxor. + 2
TWN(A32W2) 16x ’
FP8(A8WS) 3.88% X, + 1
FP4(A4W4) 7.53% X, + 1
FP2(A4W2) 14.22x | Bit-Add, + ~2X
FP2(A2W2) 14.22x | Log. Ops, + ~4x
32.00
16.00 =—e—Res. Comp.
< Pow. Comp.
g 8.00
8 400
£
S 200
]
5 100
2
2 os0
0.25 .
0.13
FWN  TWN&BWN  FP8xFP8  FP4xFP4  FPAxFP2  FP2xFP2
Res.Comp.  22.88 8.94 4.13 1.00 0.85 0.21
Pow.Comp.  12.35 6.09 2.84 1.00 0.93 0.22

Fig. 8. Comparison of PE area and power for various floating point format
architectures.

formats. The proposed architectures compress weights to FP2,
achieving an offline storage reduction of 93% compared to
FP32 and 47% compared to FP4. In terms of computational
efficiency, our architectures reduce computation by a factor of
2x through optimized multiplication in FP4xFP2 and by a
factor of 4x through further optimizations in FP2XxFP2. The
proposed design is modeled in RTL Verilog and synthesized
using Xilinx Vivado, with implementation on the Xilinx ZU9
FPGA [50]. The MAC units for FP32, BWN, TWN, and FP8
formats utilize floating-point multipliers and adders based on
Xilinx-provided IP cores. Given that FP4 is the most advanced
low-bit-width floating-point format in the industry and serves
as the most competitive baseline for FP2, we implement a
PE Array based on the FP4 format as a baseline to evaluate
the hardware resource overhead of our proposed architectures.
Table VIII presents the hardware resource overhead of our pro-
posed computational architectures compared to the baseline.
As shown, the FP4 X FP2 architecture reduces resource usage
by 25.3% compared to the FP4 baseline, while the FP2 xXFp2
architecture achieves a significant 78% reduction in resource
usage.

For our ASIC evaluation, we use Synopsys Design Compiler
to synthesize the design at a 1GHz frequency under a 28nm
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TABLE X
ASIC RESOURCE COMPARISON

FWN BWN(A32W1) FP8 FP4 FP2 FP2
(A32W32) | TWN(A32W2) | (ASWS) | (A4W4) | (A4W2) | (A2W2)
PE Array 39.76M 15.53M 7.18M 1.74AM 1.48M 0.37TM
Per PE 155.3K 60.3K 28.3K 6.6K 5.7K 1.2K
MUL 3113 83 493 173 183 7
Area(um?) | ADD 1246 1175 271 48 33 27
Fixed2FP NAN NAN NAN 189 156 156
Others 17.1K 21.2K 4157 3073 2238 723
Res. Comp. 22.88% 8.94 x 4.13% 1x 0.85x% 0.21x
TOps/mm?2 | 0.41 1.05 2.28 9.42 11.07 44.28
Power(W) PE Array 20.08 9.89 4.63 1.63 1.51 0.36
Pow. Comp. 12.35x 6.09 % 2.84x 1x 0.93x 0.22x
TOps/W 0.82 1.66 3.54 10.05 10.85 45.51

! Process: 28nm CMOS; Frequency: 1GHz; Synthesis Tool: Synopsys Design Compiler; Synthesis Library:

DesignWare [51]; Voltage: 0.81V; Temperature: —40°C'.

2 The Area and Power consumption data only count the PE array, excluding the control unit and RAM.
3 ‘Res. Comp.” and ‘Pow. Comp.’ refer to ‘Area Compression Ratio’ and ‘Power Compression Ratio’

respectively, both with FP4 (A4W4) as the baseline (set to 1X).

CMOS process, estimating both area and power consumption.
The 28nm process represents the best available technology
node for our implementation. Additionally, we synthesize
computational circuits for FWN, BWN, TWN, FpP8, and FP4 as
baselines for comparison. The floating-point MAC units in the
comparison designs are based on DesignWare [51]. Figure 8
and Table X present the processing element (PE) area across
different data formats. Table X details the area breakdown of
various components within a single PE unit, which consists
of 32 multipliers, 31 adders, and additional logic. A complete
PE array contains 16 x 16 PE units. Figure 8 compares the
area and power consumption of a full PE array across different
data bit-widths, using the FP32 format as the baseline.

For the PE Arrays of BWN, TWN, FP8, and FP4, we use the
FP32 PE Array as the baseline. The TWN and BWN formats
reduce floating-point multiplication to XOR operations by
compressing weight parameters to either two or three discrete
values, leading to a 97% reduction in multiplier area. However,
since activations remain in the FP32 format, the accumulation
circuitry and other control logic do not benefit from the same
reduction, resulting in an overall PE area reduction of 61%
compared to the baseline. The FP8 format employs a 4-bit
exponent and a 3-bit mantissa, leading to an overall bit-width
reduction of 4x compared to FP32, with the mantissa width
reduced by 6x and the exponent width reduced by 2x. As
a result, the multiplier area is reduced by 84%, the adder
area by 78%, and the control logic by 76%, leading to a total
area reduction of 80%. The compression ratio of the FP§ PE
Array area relative to FP32 closely aligns with the bit-width
compression ratio of FP8 compared to FP32.

Since the DesignWare floating-point computation library
does not support the FP4 format, we implemented the Fp4-
based MAC unit ourselves. The FP4 format uses a 2-bit
exponent and a 1-bit mantissa. Compared to FP32, the Fp4
format achieves a 16x compression in the mantissa, a 4x
compression in the exponent, and an overall 8 X compression
in data representation. As shown in Figure 8, the FP4-based
multiplier unit achieves a 94% area reduction compared to
the FP32 baseline, while the adder unit achieves a 96%
reduction. The greater resource reduction in the adder com-
pared to the multiplier is attributed to the narrow exponent
width of the FP4 format and the fact that the scaling factor
is shared within a PE. This allows floating-point numbers

to be expanded into fixed-point values for accumulation
within a PE, with exponent normalization only performed
at the final stage. Consequently, each floating-point adder
is optimized into a fixed-point adder, at the cost of intro-
ducing a fixed-to-floating-point conversion unit within each
PE. Through these hardware optimizations, the Fp4-based PE
unit achieves a 95.7% area reduction compared to the FP32
baseline.

Since the PE Array area based on FP32 differs significantly
from that of other formats and FP32 is not suitable for
efficient model inference, we use FP4 as the baseline for a
better evaluation of our proposed FP2-based PE Array. In
our proposed FP4xFP2 scheme, compared to the FP4xFP4
scheme, the slightly larger multiplier unit in FP4XFP2 is
due to the need to support two different FP2 encoding for-
mats, which requires decoding within the multiplication unit.
Despite this, the PE area of the FP4xFP2 architecture is
reduced by 15% compared to FP4xFP4. In our proposed
FP2 XFP2 scheme, we eliminate the need for FP2 decoding
by leveraging accumulation coefficients and reuse circuitry
to support both FP2 formats. As a result, the optimized
FP2 multiplier achieves a 96% area reduction compared to
FP4 xFP4, while the adder area is reduced by 43%, leading to
an overall 82% reduction in PE area. In terms of power con-
sumption, our FP4XFP2 and FP2XFP2 architectures achieve
reductions of 8% and 78%, respectively, compared to the FpP4
baseline.

By evaluating our proposed design in terms of model
accuracy, storage efficiency, PE area, and power consump-
tion, we compare it against the state-of-the-art FP4XxFp4
scheme. We believe that our design achieves an optimal
balance between model accuracy and hardware efficiency
across different scenarios. For complex benchmarks such as
ImageNet, our proposed FP4xFP2 scheme achieves a 15%
reduction in PE area, an 8% reduction in power consumption,
and a 47% reduction in storage requirements, while main-
taining model accuracy loss within 1-2 percentage points.
For simpler benchmarks such as CIFAR-10, our proposed
FP2 XFP2 scheme achieves a 78% reduction in both PE area
and power consumption, along with a 47% reduction in storage
requirements, while keeping model accuracy loss within 1-2
percentage points.
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Fig. 9. Changes in pre-trained model parameter distributions with error introduction and fine-tuning: (a) Bell-shaped parameter distribution of the pre-trained
model (unaffected by E-diff truncation); (b) After introducing FP2-EIMO rounding error, i.e., truncating small exponent values with E-diff > 2, 87% of the
weights can be represented; (c) Structured parameter distribution after fine-tuning, where parameters are constrained to the FP2-E1MO quantization steps, and

2% of the parameter loss caused by quantization is recovered after fine-tuning.

TABLE XI

IMPACTS OF ERROR TYPES ON RESNET18’S INFERENCE &
FINE-TUNING ACCURACY

Gradually introduce Errors Individual Error Fine-tunin
Error Type Inference | Error Type Inference g
El 47.84 El 47.84 69.77
E1+E2(EIMO)  28.02 E2(EIMO)  40.16 65.61
E1+E2(EOM1) 0.31 E2(EOM1)  0.22 59.44
E1+E2+E3 0.17 E3(EOM1)  54.78 58.69

IEl: Rounding Error; E2: Quantization Error; E3: Mean-Value Error.
2 Activation: FP4; Weight: FP2; Model: ResNetl8; Benchmark: Ima-
geNet.

C. Error Evaluation

We evaluated the impact of the proposed format errors on
model accuracy. Table XI presents the evaluation of three
types of errors on model performance, where El, E2, and
E3 in Table XI represent rounding error, quantization error,
and mean error, respectively. Additionally, EIMO and EOM1
denote models quantized to FP2-E1MO0 and FP2-EOM 1, respec-
tively. The left column of Table XI records the inference
accuracy of a pre-trained ResNet18 model (originally in FP32
format) when progressively introducing these errors without
fine-tuning. The middle column quantifies the accuracy loss
caused by each individual error. To isolate the effect of
each error, the model is fine-tuned after introducing a single
error before proceeding to introduce additional errors. The
right column in Table XI reports the accuracy after stepwise
fine-tuning. From Table XI, we observe that rounding error
and mean error can be effectively recovered within a few
epochs of fine-tuning. The primary factor causing significant
accuracy degradation is the loss of information when weights
are quantized to extremely low-bit representations. In the
following sections, we provide a detailed discussion of the
impact of each type of error on model accuracy.

First, we analyze the rounding error. In the pre-trained
model, when the exponent difference between two adjacent
weight parameters exceeds 1, we discard the smaller parameter
while retaining the precision of the remaining weight at 32
bits. This operation effectively acts as an unstructured pruning
process with a pruning rate of approximately 25%, leading
to an accuracy drop of 22 percentage points. However, after
fine-tuning the model with the rounding error introduced,
experimental results show that the accuracy loss can be
recovered within a few epochs of fine-tuning. As illustrated
in Figure 9(a)(b), after fine-tuning, the parameter distribution

of the model undergoes a transformation from the bell-shaped
distribution in Figure 9(a) to the structured distribution in
Figure 9(b). The results indicate that the parameter values are
constrained into several distinct quantization levels.

Next, we introduce quantization error on top of the rounding
error. We quantize the model weights to the FP2-E1MO0 format,
retaining only a 1-bit exponent. In this case, direct inference
from the full-precision original model results in a drastic
accuracy loss of approximately 40 percentage points. When
performing inference from the model fine-tuned after intro-
ducing rounding error, the accuracy loss is reduced to around
28 percentage points. Fine-tuning the model after quantization
yields a parameter distribution as shown in Figure 9(c), and the
model accuracy recovers to 65.58. Since the FP2-E1MO0 format
does not include a mantissa, there is no need for mean-based
adjustments, and thus no mean error is introduced. However,
when we quantize the model weights to the FP2-EOM 1 format,
which retains only a 1-bit mantissa, a significant mismatch
occurs between the distribution of weight values and the
FP2-EOM1 data format, leading to severe quantization error.
In this case, the accuracy drops to an unusable level. After
fine-tuning, the model accuracy recovers to 59.32.

Finally, we consider mean error. We compute the mean
of the mantissa values of two adjacent weights in the FP2-
EOM1 format and replace both weight values with this mean.
Additionally, Table XI presents the accuracy of direct inference
using the FP2-EOM1 format. The results in Table XI indicate
that the accumulation of these three types of errors renders
direct inference from an untrained quantized model infeasible.
When performing direct inference from the model fine-tuned
with FP2-EOM1, accuracy drops to 54.78. However, further
fine-tuning restores accuracy to 58.69, which is within one
percentage point of the quantized model’s accuracy of 59.44.

VII. CONCLUSION AND FUTURE WORK

In this paper, we propose an innovative encoding scheme,
FP2, which compresses floating-point representation to below
3 bits. Compared to FP4, our approach reduces the size of deep
neural network (DNN) models by 47%. We analyze the error
characteristics of this data format from three perspectives and
introduce two DNN accelerator architectures based on FP2. To
address the trade-off between accuracy and hardware efficiency
in complex tasks, we optimize the multiply-accumulate (MAC)
operation into bitwise addition and logic operations, reducing
computational requirements by approximately 2x and 4 x. We
evaluate our proposed data format on CIFAR-10 and Ima-
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geNet benchmarks using ResNet18/50 and ConvNeXt-Tiny
models. On ResNet50 and ConvNeXt-Tiny, our FP2 format
maintains an accuracy loss of approximately 3% compared
to full-precision (FP32) models. Furthermore, we conduct
a comprehensive evaluation on FPGA and ASIC platforms.
Compared to FP4, our FP2-based architectures achieve up
to a 78% reduction in both resource utilization and power
consumption across different platforms. This design enables
the efficient deployment of advanced neural networks on edge
devices. We also conducted a comparative analysis of the zero-
shot performance for the proposed FP2 format based on the
LLAMA model across three benchmark datasets. The results
demonstrate that in a comparative evaluation under 2-bit PTQ,
FP2 exhibits significant advantages over baseline methods.
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