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The 8-bit floating-point (FP8) data format has been increasingly adopted in neural network (NN) computations
due to its superior dynamic range compared to traditional 8-bit integer (INT8). Nevertheless, the heavy
reliance on multiplication in neural network workloads leads to considerable energy consumption, even with
FP8, particularly in the context of FPGA-based deployments. To this end, this paper presents FP8ApproxLib,
an FPGA-based approximate multiplier library for FP8. Firstly, we conduct a bit-level analysis of the prior
approximation method and introduce improvements to reduce the resulting computational error. Based on
these, we implement a fine-grained optimized design on mainstream FPGAs (Altera and AMD) using primitives
and templates combined with physical layout constraints. Moreover, an automated tool is developed to support
user configuration and generate HDL code. We then evaluate the accuracy and hardware efficiency of the FP8
approximate multipliers. The results show that our proposed method achieves an average error reduction
of 53.15% (36.74%~72.82%) compared to previous FP8 approximation method. Moreover, compared to prior
8-bit approximate multipliers, our FP8 designs exhibit the lowest resource utilization. Finally, we integrate the
design into the inference phase of three representative NN models (CNN, LLM, and Diffusion), demonstrating
its excellent power efficiency. This is the first FP8 approximate multiplier design with architecture-aware
fine-grained optimization and deployment for modern FPGA platforms, which can serve as a benchmark for
future designs and comparisons of FPGA-based low-precision floating-point approximate multipliers. The code
of this work is available in our GitLab*.

1. Introduction grated circuits (ASICs) [6,7] and integrating corresponding units into
GPUs [8].

Nonetheless, this still cannot eliminate the multiplication operations
in DNNs. As a fundamental computation in DNNs, various approximate
multipliers have been proposed to improve efficiency and reduce en-
ergy consumption. These multipliers are designed to reduce latency,
energy consumption, and area. Chen et al. [9] proposed an optimally

multi-level architecture that seamlessly integrates runtime configura-

In recent years, the rapid development of neural networks has
brought the issue of high energy consumption to the forefront [1].
An effective approach to address this challenge is the use of quanti-
zation techniques, which improves memory access and computational
efficiency [2,3]. Among these, 8-bit floating-point (FP8) numbers of-
fer better dynamic range and computational precision compared with

traditional 8-bit integer (INT8), making them widely adopted in neural
network computations [4,5]. To enhance the computational efficiency
of FP8, specialized hardware modules for FP8 acceleration have be-
come a new trend. For instance, designing application-specific inte-

b gitlab.com/etrovub/embedded-systems/publications/fp8approxlib.

* Corresponding author.

bility with parallel module execution. An optimization strategy was
applied to improve area efficiency, achieving a linear relationship with
accuracy rather than the quadratic or exponential relationships seen
in previous works. Ansari et al. [10] developed an 8 x 8 approximate
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multiplier tailored for NN designs by improving the design of loga-
rithmic multipliers. HEAM [11] achieves automated design of approx-
imate multipliers by minimizing the average error based on operand
distribution and integrates these multipliers into DNN accelerators.

However, the aforementioned approximation methods are primarily
aimed at reducing power consumption and area utilization in ASIC im-
plementations and may perform suboptimally on field-programmable
gate arrays (FPGAs). This is because FPGA reconfigurable logic is
typically based on fixed-size lookup tables (LUTs). While FPGAs also
integrate DSP hardware multiplier units, these units are limited or
unavailable on some edge FPGAs (e.g., Lattice iCE40 and Gowin-
GW1N). Consequently, there is a growing interest in DSP-free imple-
mentations across various edge applications, including computer vi-
sion [12], anomaly detection [13], and cryptographic processing [14].
Therefore, improving the efficiency of LUT-based multiplication in
terms of speed, power consumption, and resource utilization becomes
particularly critical. Ullah et al. [15-17] proposed a series of FPGA-
based approximate multipliers covering data bit-widths from 4-bit to
32-bit. More recently, their AxO series [18,19] integrated the de-
sign of approximate multipliers into spiking neural network (SNN)
accelerators. DyRecMul [20] introduced a dynamically reconfigurable
INT8 approximate multiplier design, which includes a floating-point
conversion unit. This design enables efficient floating-point conver-
sion, reducing preprocessing operations and enhancing computational
efficiency. Leon et al. [21] proposed a DSP-based approximate mul-
tiplier design for floating-point computations, which was integrated
into a convolutional neural network (CNN) accelerator. This approach
achieved more efficient computation within the accelerator framework.

In conclusion, existing works are limited by (1) model-specific FP8
approximate multipliers with poor generalization and accuracy trade-
offs, and (2) most prior implementations target ASICs, with no known
FP8 approximation designs developed specifically for FPGAs.

To this end, this paper presents FP8ApproxLib, an FPGA-based
approximate multiplier library for FP8. Firstly, FP8ApproxLib performs
a bit-level analysis of existing FP8 approximate multiplication methods
and proposes a new hardware-friendly approach with reduced precision
loss. Then, based on this, FP8ApproxLib provides a set of approximate
multiplier templates targeting mainstream FPGAs, including Altera and
AMD. All templates are supported by an automatic code generation
tool, which outputs the corresponding hardware description language
(HDL) code based on user configurations. Finally, the energy efficiency
of FP8ApproxLib is validated during the inference stages of several
representative neural network models. To the best of our knowledge,
this is the first FP8 approximate multiplier design with architecture-
aware fine-grained optimization and deployment for modern FPGA
platforms, which can serve as a benchmark for future designs and
comparisons of FPGA-based low-precision floating-point approximate
multipliers. The core project of FP8ApproxLib is clear and open source,
made available to users and developers for further customization and
development. This work is built on our previous work [22] and main
contributions are summarized as follows:

» A novel approximation method for FP8 multiplication is pro-
posed, along with a bit-level analytical study of its behavior.
Compared to prior approaches, the proposed method reduces the
error by 36.74% (E4M3) .

Based on this analysis, the design is implemented on three main-
stream FPGA platforms (Altera and AMD). Fine-grained hardware-
level optimization is achieved by combining primitive-based de-
sign, parameterized templates, and physical layout constraints,
resulting in reduced resource usage and power consumption.

A comparison with prior FPGA-based 8-bit approximate multiplier
designs demonstrates that FP8ApproxLib reduces LUT resource
usage by an average of 49.9% , without sacrificing performance.
Case studies on CNN, large language model (LLM) and Diffu-
sion are conducted, showing the practicality of FP8ApproxLib
application in both the algorithm level and implementation level.
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Table 1
Comparison of INT8 and FP8 (E4M3)
Data Type INT8 FP8 (E4M3)
Bit Width 8 bits 8 bits
Minimum Value -128 —448
Maximum Value 127 448
Decimal Precision Fixed (1) Dynamic
Sign Digits Sign Exponent Mantissa
(fraction)
1-bit 7-bit 1-bit 4-bit 3-bit

w18 [oJofofJoJo]1]1]1] res (o] 1]ofo] 1] 1]1]1]
MSB LSB MSB LSB

Values BIN: {00000111} DEC: 7 Values BIN: {01001111} DEC: 7.5

Fig. 1. The demonstration of the INT8 and FP8 (E4M3) adheres to IEEE 754.
MSB stands for most significant bit and LSB stands for least significant bit.

The rest of this paper is organized as follows. Section 2 introduces
the preliminaries of this work. Section 3 explains the modified ap-
proximation method of proposed FP8ApproxLib. Section 4 describes
the customized hardware implementation in FP8ApproxLib. Section 5
illustrates the comprehensive experimental results of FP8ApproxLib.
Section 6 provides a series case studies to verify the practicality, and
Section 7 gives the conclusion.

2. Preliminaries
2.1. FP8 formats

FP8 is a natural progression from the FP16 representations, effec-
tively reducing memory consumption and improving memory access
and computational efficiency [5]. Compared to traditional INT8, FP8
offers a larger dynamic range (the commonly used E4M3 format, as
shown in Table 1 and Fig. 1). Moreover, FP8 achieves less accuracy
loss during NN inference [23]. The FP8 format adheres to [EEE-754
conventions, where a real numbers is encoded by using a 1-bit sign .S,
an e-bit integer exponent E and an m-bit fractional (mantissa M),

xprc = (=D x2E x M, (€))

where E = e — bias and M = 1 + m. The bias in this context varies with
the number of bits in the exponent and is determined by the following
formula:

bias =2°71 — 1. )

Note that an implicit 1, namely the hiddenbit, is concatenated to the
fraction as an integer bit and forms the significant. A FP number with
E = 0 has no implicit 1 in the significant, so zero and subnormal values
can be represented. In addition, exponent E = 2°~!—1 is reserved for the
representation of +oo and NaNs.

2.2. FPGA structure

State-of-the-art FPGAs from AMD (Xilinx) and Altera (Intel) uti-
lize basic logic cells such as multi-input LUTs, carry chains (adders),
multiplexers, and D flip-flops to implement both combinational and
sequential logic circuits. The method proposed in this paper is general,
relying on LUTs, adders (carry chains), multiplexers, and D flip-flops.
However, there are subtle differences depending on the characteristics
of different devices. Therefore, we present three types of mainstream
FPGA devices for illustration, as shown in Fig. 2.
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Fig. 2. The state-of-the-art FPGA basic structure from AMD (Xilinx) and Altera (Intel). (a) Typical AMD FPGA configurable logic block (CLB) structure [24]. (b)
LUT6 structure. (c) Carry chain structure. (d) Typical Altera FPGA adaptive logic module (ALM) structure [25]. (e) The ALM runs in normal mode. (f) The ALM

runs in extended LUT mode. (g) The ALM runs in arithmetic mode.

2.2.1. AMD

The Configurable Logic Block (CLB) is the basic logic unit in AMD’s
UltraScale and UltraScale+ FPGAs, and each CLB contains two slices.
As shown in Fig. Fig. 2(a), each slice consists of four 6-input LUTSs
(LUT6_2), two 4-bit carry chains, eight flip-flops (FFs), and several
multiplexers (MUXs). Each LUT6_2 can be configured to implement
either a single 6-input combinational function using the O6 output, or
two independent 5-input functions using the O5 and O6 outputs, as
shown in Fig. 2(b). The desired logic functionality can be implemented
by specifying the corresponding INIT value [17]. Besides the implemen-
tation of single 6-bit combinational functions, these LUT6_2 are also
used for controlling the associated carry chain, as shown in Fig. 2(c).
The carry chain implements a carry-lookahead adder by using O5 as the
carry-generate signal and O6 as the carry-propagate signal. The carry-
generate signals for the carry chain can also be provided by the external
bypass signals AX — DX.

2.2.2. Altera

The adaptive logic module (ALM) in Altera’s Stratix 10, Arria 10,
and Agilex series primarily includes an 8-input fracturable LUT, two
dedicated embedded adders, and four dedicated registers, as shown
in Fig. 2(d). Unlike AMD’s CLB, Altera’s ALM supports three different
modes: normal mode, extended LUT mode, and arithmetic mode. In the
normal mode, the adaptive LUT is divided into two multi-input LUTs:
an X-input LUT and a Y-input LUT, as shown in Fig. 2(e). The two LUTs
are connected through logical interconnections, allowing for different
X:Y combinations. When the inputs are independent, the LUTs can
support configurations such as 4:4 or 5:3, or even less inputs. However,
when X:Y is 5:4 or 5:5, the inputs need to be shared between the two
LUTs. In the extended LUT mode, the ALM can support a maximum of
an 8-input LUT, as shown in Fig. 2(f). The ALM in arithmetic mode uses
two sets of two 4-input LUTs along with two dedicated full adders, as
shown in Fig. 2(g). The dedicated adders allow the LUTs to perform pre-
adder logic. Therefore, each adder can add the output of two 4-input
functions.

3. Approximate multiplication for FP8

This section introduces our improved FP8 approximate multiplica-
tion method. We conduct a bit-level analysis to show that the pro-
posed method not only reduces precision loss relative to existing ap-
proach, but also offers theoretical improvements in hardware resource
efficiency.

3.1. L-Mul approximation

According to the Eq. (1), the FP8 multiplication process of x and y
can be represented as:

Mul(x,y) = M, - 25 x M, - 25
=1 +my)- 25 x (1 +m)- 25 3)
=1 +m +m,+m, -m)- 25+

we omit the sign bit as it can be handled through an XOR operation.
One can note that in Eq. (3), only m, - m, involves a multiplication
operation for hardware circuit design. The remaining operations can be
implemented by using addition or other linear operations such as shift.
To alleviate the potential bottleneck caused by mantissa multiplication,
Luo et al. [26] propose the L-Mul algorithm, which can be designed to

approximate the FP8 multiplication process:

L-Mul(x,y) = (1 +my +m, + 2=y 5 PEHE,

m ifm<3, 4
Im)=43 ifm=4,
4 ifm>4,

where m denotes the bit-width of the mantissa. By using this piecewise
function approximation, the original multiplication operation can be
transformed into shift and addition operations. The combination of the
L-Mul algorithm (Eq. (4)) and the FP8 format conversion relationships
(Eq. (1) and (2)) provides the bit-level representation of the L-Mul
algorithm in binary operations:

xfm—=1:0]+ylm—-1:0 _
L-MulBIN(X,y)=<1 + L ]Zmy[ ]+2 ’('")>

X 2x[6 :m]+y[6:m]-bias, —biasy

()

3.2. Improved FP8 approximate multiplication

As shown in Eq. (4), L-Mul replaces the original multiplication oper-
ation with a piecewise linear approximation using addition. However,
similar to prior works [10,27], L-Mul still separates the floating-point
number into exponent and mantissa components, which is not well-
suited for direct hardware implementation. To overcome this limita-
tion, we propose another linear optimization (Add-Mul), a more flexible
and hardware-friendly approximation scheme designed to maintain
precision across various FP8 format configurations. Inspired by prior
work on FP32 and FP16 formats [28], we first reformulate the entire
FP8 multiplication directly in terms of binary operands as an expression
of the form as follow,

Add-Mul(x,y) =x+y—of fset. (6)
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Fig. 3. The five LUT-based basic components required for approximate multi-
plication. Type LUT_A, _B, and _C components are shared by both L-Mul and
Add-Mul, while types of LUT_D and LUT_E are specifically designed for use
in the L-Mul architecture.

In contrast to prior work, we derive a generalized expression for the
offset term. Earlier method often relied on empirically tuned offsets,
requiring manual adjustment. However, due to the limited bit-width of
FP8 formats, the offset exhibits a consistent structure, which is defined
as follows:

Add-Mul(x, gy = x[6 1 0]+ y[6 : 0] — (2° — 1) - 2™, %)

Where e and m represent the bit-widths of exponent and mantissa
fields, respectively. Owing to the hardware-friendly nature of the Add-
Mul algorithm, the resulting hardware design is similar to L-Mul and
can be implemented using only N-bit adders and LUTs. The hardware
implementation will be introduced in Section 4. The evaluation of Add-
Mul in terms of both computational accuracy and hardware deployment
will be presented in Section 5. Furthermore, in Section 6, we integrate
Add-Mul into representative neural network models to demonstrate its
effectiveness and advantages in practical scenarios.

4. Hardware implementation

In this section, we first introduce the basic component designs
corresponding to the two approximate methods, L-Mul and Add-Mul.
These designs are compatible with mainstream FPGA platforms, in-
cluding those from AMD, Altera, Lattice, Microchip, GOWIN, Anlogic,
and others. Then, we detail how these components are mapped onto
different FPGA hardware architectures (AMD and Altera). Finally, we
present the automated register-transfer level (RTL) generation flow that
supports these designs.

4.1. Basic component designs

Fig. 3 illustrates the five LUT-based basic components required for
approximate multiplication. Among them, the LUT_A, _B, and _C com-
ponents are shared by both L-Mul and Add-Mul, while types of LUT_D
and LUT_E are specifically designed for use in the L-Mul architecture.
The LUT_A is configured as an XOR gate to determine the sign bit of
the product. Accordingly, its inputs are fixed to the MSB of the two FP8
operands. LUT_B is configured as a half-adder. When combined with
the carry chain, this configuration enables efficient implementation
of addition. From the above discussion, it can be seen that all five
LUT-based components require no more than five inputs, ensuring full
compatibility with a wide range of modern FPGA architectures that
support multi-input LUT designs. This enables seamless deployment
across devices from AMD, Altera, Lattice, Microchip, GOWIN, Anlogic,
other vendors.

The detailed mapping of these components onto various FPGA
architectures will be discussed in the following sub-sections.
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Table 2
The representation of the mantissa for
different carry.

[m+1,m] Mantissa
2’b00 1.x,,
2’b01 10.x,,
2’b10 11.x,,
2'b11 100.x,,

Table 3
The bias * configurations in the Exponent-Adder of L-Mul for different FP8
formats.

FP8 Type [m+1,m] bias* FP8 Type [m+1,m] bias*
2’b00 =31 2’b00 -15
E6M1 2'b11 -29 E5M2 2’b11 -13
others -30 others -14
2’b00 -7 2’b00 -3
E4M3 2'b11 -5 E3M4 2’b11 -1
others -6 others -2
2’b00 -1 2’b00 0
E2M5 2'b11 1 E1M6 2’b11 2
others 0 others 1

4.2. Mapping onto AMD FPGA

4.2.1. L-Mul implementation

The design for L-Mul primarily consists of three parts: the Exponent-
Adder, the Mantissa-Adder and the Post-Processing unit, as shown in
Fig. 4(a).

The Exponent-Adder and Mantissa-Adder are implemented using
LUT_B and CARRYS. The Exponent-Adder includes an m-bit adder and
an m+1-bit adder, while the Mantissa-Adder includes an e-bit adder
and an e+1-bit adder. LUT_B primarily functions as a half-adder. The
output O5 corresponds to the sum (S). When the LSB of carry-in (CI)
is 0, the operation is O5 = addl @ add2. Otherwise the operation is
Os5 = add1 @ (~ add2). The output (O¢) corresponds to the C in a half-
adder. In other words, Og = add1-add2. CARRYS is used to implement
addition operations. Each CARRY8 unit contains eight basic units (CC),
and each CC can combine with LUT_B to function as a full adder.
The CI represents the carry input from the previous stage. When the
CC unit is the LSB, CI = 0 indicates addition and CI = 1 indicates
subtraction. The O corresponds to the sum () in the full adder which
can be calculated as: O = (add1 @ add2) & CI. In summary, a total of
N LUT_B and CC units can be combined to form an N-bit adder.

The Post-Processing Unit is primarily responsible for handling the
sign bit and managing the carry of the mantissa. The LUT_A is used
to determine the sign bit of the product. Specifically, it processes the
bit of the inputs x[7] and y[7]. There might be a carry occur, requiring
the carry value from the mantissa to be added to the exponent. For
the mantissa, we follow the carry principles of typical FP multipliers,
representing the mantissa in the form of 1.x,,. The corresponding carry
handling is shown in Table 2. When the carry value is 2’500, the final
product’s mantissa is P,[m — 1 0], and no carry is added to the
exponent. When the carry value is 2’601, the mantissa is represented
as 10.x,,, requiring the decimal point to shift left by one position,
i.e. the exponent is incremented by 1. In this case, the mantissa is
P,[m—1 : 0]. Similarly, when the carry value is 2/510, the exponent is
incremented by 1, and the mantissa becomes 1’61, P,,[m — 1 : 1]. For a
carry value of 2/b11, the exponent is incremented by 2, and the mantissa
is P,[m—1 : 0]. Since the product of 0 and any number is 0, the final
product’s mantissa and exponent can be expressed using the following
formulas,

0, zero =1
PlIm—1:0]=<{U'bl,P,Im—1:1]}, P,Im+1:m]=2b10 8)
P,[m—-1:0], others
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To reduce the usage of adders, we combine the bias with various
carry scenarios from Table 2 and treat it as a constant, bias *. The
corresponding values are shown in Table 3 for the types of FP8 formats.
LUT_C, LUT_D and LUT_E are used to implement Eq. (8) and (9),
and the remaining corresponding operations. These operations compute
the final product’s exponent bits, the highest mantissa bit, and the
remaining mantissa bits excluding the highest bit, respectively.

To enhance the performance of the FP8 approximate multiplier,
we implemented the hardware design using LUTs and carry chain
primitives. Furthermore, to shorten the connection paths between LUTs
and carry chains, we applied strict physical placement constraints.
Specifically, as described in Section 2.2, each carry chain can connect
directly to four LUTs. Therefore, we constrained the physical placement
at the CLB level, ensuring that the LUTs are connected to the carry
chain within the same CLB. The input FFs are placed in adjacent CLBs
to guarantee the shortest possible data paths.

Table 4

The bias * configurations of Add-Mul for different FP8 formats.
FP8 Type bias* FP8 Type bias*
E6M1 —-62 E3M4 -48
E5M2 -60 E2M5 -32
E4M3 -56 E1M6 0

4.2.2. Add-Mul implementation

The design of Add-Mul consists of two main components: a dual-
layer adder and a post-processing unit, as shown in Fig. 4(b). Com-
pared to L-Mul, Add-Mul utilizes only three types of LUT-based basic
component (LUT_A, LUT_B, and LUT_C), further reducing resource
consumption.

The Dual-layer Adder comprises a 7-bit and an 8-bit adder con-
structed using multiple CCs and LUT_Bs. CC manages carry propa-
gation, with the CI input set to 0 for addition and 1 for subtraction at
the LSB. The sum output O = (add1 @ add2)@® C1, and the carry output
CO = addl + CI - (add1 @ add2). When CI = 0, O5 = addl @ add2
(addition); when CI =1, O5 = add1@® ~ add?2 (subtraction). The carry
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Table 5
Comparative evaluation of approximation errors across various approximations and data formats.
Data format INT8 E6M1 ESM2 E4M3 E3M4 E2M5 EIM6

Approx [20] L-Mul Add-Mul L-Mul Add-Mul L-Mul Add-Mul L-Mul Add-Mul L-Mul Add-Mul L-Mul Add-Mul
EP | 5.16E-01 | 1.00E+00  2.50E-01  9.38E-01 5.63E-01  9.68E-01 7.64E-01  9.92E-01 8.78E-01 9.97E-01  9.38E-01  9.99E-01  9.69E-01
MAE | 3.97E+02 = 2.10E+15  3.00E+14  8.58E+05  3.73E+05  1.41E+02  8.92E+01  3.04E+00  1.70E+00  9.91E-01  4.60E-01  7.65E-01  3.43E-01
MRE | 6.80E-02  3.19E-01 2.78E-02 1.11E-01 3.57E-02  6.84E-02  3.81E-02  6.87E-02  3.88E-02  7.19E-02  3.91E-02  7.26E-02  3.96E-02
MSE | 9.63E+04 = 2.00E+33 = 1.54E+32  2.89E+13  9.12E+13  7.56E+05  3.71E+05  9.07E+01  2.69E+01  3.23E+00  557E-01  1.18E+00  1.84E-01

output O6 = addl. The values of bias * are shown in Table 4 across o o

different FP8 formats. r e s e 1

The Post-Processing Unit integrates LUT_A for sign determination
and LUT _C for selective output gating. LUT_A computes the XOR of the
operand sign bits, while LUT_C outputs O6 = P[n] -zero, (0<n<7).
Here, zero=1 indicates that either of the two input operands is zero.

4.3. Mapping onto Altera FPGA

4.3.1. L-Mul implementation

The implementation of L-Mul on Altera FPGAs follows the same
design principles as its deployment on AMD devices. Which based on
bit-level Eq. (5) is divided into three parts: the Exponent-Adder, the
Mantissa-Adder, and the Post-Processing unit, as shown in Fig. 5. As
introduced in Section 2.2, due to the integration of full adders within
the ALMs of Altera FPGAs, the designs of Exponent-Adder and Mantissa-
Adder need to be modified, while the Post-Processing unit can be
directly reused. In other words, only the LUT_B design needs adjust-
ment, while other LUT-based basic components (as shown in Fig. 3) can
be directly applied to Altera FPGAs. We configure the ALMs to operate
in arithmetic mode, where each ALM includes two full adders. Thus, the
combination of LUT_B + CC from AMD FPGAs can be directly replaced
by the ALM implementation. Additionally, since carry cascading is
supported between ALMs, the cascade can be achieved by enforcing
physical placement constraints on adjacent ALMs during layout. Under
this configuration, one ALM serves as an equivalent replacement for
two LUT_B and CC combinations. Therefore, Exponent-Adder and
Mantissa-Adder consume e ALMs and m ALMs, respectively.

4.3.2. Add-Mul implementation

Similarly, the Add-Mul deployment on the Altera platform can reuse
most of the design from the AMD implementation. Specifically, eight
ALMs are configured in arithmetic mode to replace the combination
of carry chains and LUT_B in AMD’s dual-layer adder module. For
the post-processing module, the designs of LUT_A and LUT_C can be
directly mapped onto ALMs configured in normal mode.

4.4. Automated generation flow

The proposed FP8 approximate multipliers are designed to be pa-
rameterizable, with the core structure remaining consistent across for-
mats. Only the bias parameter adapts to the bit-widths of the exponent
and mantissa defined by the selected FP8 format. To improve usabil-
ity, we developed an automated generation tool, as shown in Fig.
6. This tool features an intuitive graphical user interface (GUI) that
allows users to customize settings based on their specific requirements,
including the target device, choice between the two approximation
methods, and FP8 data format. Once configured, FP8ApproxLib au-
tomatically generates the corresponding Verilog HDL code based on
these parameters. In Section 6, we demonstrate the effectiveness of
FP8ApproxLib by integrating it into three neural network inference
accelerators, including CNN, LLM, and Diffusion models.

® (=)
Graphical user interface | <:>
[ ] |

Custom parameters | 7 ‘

| Device | |Approximation| | Data format |(-‘ = I
| | |
Y Y Y e —————
[ sign 1-bit ) CNN
- |:| Exponen e-bit
[ Mantissa m-bit .
DENOEEDN Large .
- L-Mul Language Model
E-.é-. DNDONNED
y COMGOOG | | itfusion PREREEE
Add-Mul ¥ s

Applications

L———| HDL code-generation I-}
—

Fig. 6. The overall generation flow and applications of FP8ApproxLib.

FPGA

5. Evaluation
5.1. Experimental setup

We first evaluate the error of L-Mul and Add-Mul using four metrics:
Error Probability (EP), Mean Absolute Error (MAE), Mean Relative Er-
ror (MRE), and Mean Squared Error (MSE). The corresponding formulas
are defined as follows:

2N
EP = ZLN Y ED, #0, 10)
=0
! 2N -]
MAE=— 3 ED, an
i=0
2N -1
1 ED;
MRE = — _—, 12
2N ; Exact; 12)
and
2N
13

MSE = 2LN % (ED,).
In the above equations, ED denotes the Error Distance, and ED, rep-
resents the absolute difference between the approximate and exact
outputs for the ith input combination.

The FP8 approximate multipliers are design by Verilog and imple-
mented using AMD Vivado 2022.2 and Quartus Prime Pro 23.3 for
logic synthesis and placement constraints. The designs are deployed
and validated on the ZCU104 Evaluation Kit of UltraScale+ FPGA
and Apollo Agilex SOM, respectively. We perform multiple synthesis
iterations, applying different critical path constraints in each itera-
tion to implement each design multiple times. This approach ensures
accurate measurements of area and maximum operating frequency.
The Vivado simulator and power analysis tools (XPE [29]) are used
to calculate power consumption. As this is the first FPGA-based FP8
approximate multiplier design, we ensure fairness by selecting previous
FPGA-based INT8 approximate multipliers for comparisons of resource
consumption, power consumption, and critical path delay.
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Implementation results of L-Mul and Add-Mul under different FP8 formats on AMD UltraScale+ and Altera Agilex

FPGAs.

AMD UltraScale+ FPGA

Altera Agilex FPGA

L-Mul Add-Mul

L-Mul Add-Mul

LUTs FFs CARRY Frq LUTs FFs

CARRY

Frq ALMs Regs Frq ALMs Regs Frq

E6M1 22 25
ESM2 21 25
E4M3 22 25
E3M4 22 25
E2M5 22 25
EIM6 22 25

606 24 25
610 24 25
617 24 25
610 25 25
568 25 25
585 25 25

B

NN NNDNDN

631 27 25
631 26 25
691 27 25
702 27 25
716 24 25
687 25 25

655 15 25
674 16 25
694 15 25
623 15 25
519 15 25
577 14 25

646
685
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689
706
720
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Fig. 7. Relative error box plots of L-Mul and Add-Mul under different FP8
formats. Black lines indicate the median, red dashed lines indicate the mean,
and dots represent the outlier.

5.2. Error evaluation

Table 5 presents the error metrics of L-Mul and Add-Mul in different
formats of FP8. Across all data, L-Mul exhibits the worst error on the
E6M1 format, highlighted in red. In contrast, the proposed Add-Mul
achieves the lowest error on E6M1 and E1M6, marked in green. The
yellow represents second-lowest error. To be more specific, Add-Mul
achieves a 53.13% average MAE reduction over L-Mul, with the largest
gain on E6M1 (72.82%) and a 36.74% improvement on the widely
adopted E4M3 format. In addition, both L-Mul and Add-Mul outperform
the latest INT8-based approximate design, DyRecMul [20], in terms of
MAE and MRE under the E4M3 format. This is an acceptable outcome
given the better data range of the FP8 format. Moreover, it is important
to note that when the exponent is allocated a larger bit-width, the range
of representable numbers increases, which can lead to significantly
larger MAE and MSE values due to the greater magnitude of errors.

To provide a more intuitive illustration of the error differences
between L-Mul and Add-Mul, Fig. 7 depicts a box plot comparison
under different FP8 formats. The black line within each box represents
the median, and the red dashed line indicates the mean. We observe
that reducing exponent bits while increasing mantissa bits leads to
reduced relative error. Notably, Add-Mul achieves tighter boxes, lower
medians, and smaller gaps between the mean and median, suggesting
better precision and robustness. By comparison, L-Mul performs poorly
in exponent-dominant formats, with both high error variance and
significant skew in distribution.

5.3. Hardware implementation and evaluation
We implemented L-Mul and Add-Mul across different FP8 formats

on both AMD UltraScale+ and Intel Agilex platforms. The resource con-
sumption and corresponding frequency results are detailed in Table 6.

For AMD UltraScale+ FPGA implementation of L-Mul, by leveraging
fine-grained primitive designs and physical placement and routing
constraints, all components are mapped to the resources within six
adjacent CLBs, as shown in Fig. 8(a). Meanwhile, the carry chain
consumption aligns with the design intent, requiring four carry chains.
It can be observed that our design consumes fewer than 22 LUTs on
average. Furthermore, as shown in Fig. 8(b)(b), all components of Add-
Mul are similarly mapped to four adjacent CLBs. The design utilizes
only two carry chains, which aligns with the original design intent. As
observed from the deployment results, Add-Mul requires fewer carry
chains than L-Mul. Meanwhile, L-Mul achieves fewer LUT consumption
by leveraging LUT6_2-based logic sharing in its Exponent-Adder and
Mantissa-Adder.

In the case of Altera Agilex FPGA, we utilize templates and logic
region constraints to compensate for the absence of fine-grained prim-
itives. For the implementation of L-Mul, all components are mapped to
the resources within three adjacent logic array blocks, as shown in Fig.
9(a). Using the resource property viewer tool, we confirm that the ALMs
function in arithmetic mode and achieve carry cascading, as shown in
Fig. 9(b). Similarly, the Add-Mul deployment implements the Dual-layer
Adder using four ALMs operating in arithmetic mode, as shown in Fig.
9(c).

To further highlight the advantages of our designs in terms of
resource utilization and power consumption, we compare it with previ-
ous FPGA-based approximate multipliers and AMD-Xilinx’s intellectual
property (IP) core. It should be noted that previous work has primarily
been based on AMD (Xilinx) FPGAs, and there are certain differences
in resource calculation between AMD and Altera FPGAs. Therefore,
in this comparison, we only present the results for AMD FPGAs. We
use the deployment results under the E4M3 format, which is the most
commonly used FP8 format. Although the multiplication rules for FP8
and INT8 differ, we consider this comparison valuable due to their
identical data bit-width. Table 7 presents the comparison results, these
values are reported or estimated from original reports. It should be
noted that the data in the Table 7 is sourced from the original reports
of each respective paper. As a result, the comparisons involve different
devices and operating frequencies. For each item, it can be observed
that our designs, L-Mul and Add-Mul, exhibit the lowest resource con-
sumption. Compared to previous 8-bit approximate designs, the LUT
usage is reduced by an average of 49.9%. Additionally, compared to the
FP8-compatible DyRecMul [20], our designs achieves a lower delay. It
is important to note that Refs. [16,30], and [17] are implemented on
AMD-Xilinx 7-series FPGAs, which introduces some power consumption
differences. Additionally, the power data reported in [31] is recorded
at 1.2 V supply and 100 MHz frequency, which is significantly lower
than the results from other design. To better demonstrate the power-
efficiency advantages of our design, we performed a Pareto analysis
to visually illustrate the differences between our design and others,
as shown in Fig. 10. The Pareto analysis is constructed following the
method proposed by previous work [17], by connecting non-dominated
design points in the area (LUTs)-delay space. A design point is con-
sidered standing on Pareto frontier if no other point offers both lower
area and lower delay simultaneously. The result shows that both of our
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Fig. 8. (a) The layout of L-Mul on the AMD UltraScale+ FPGA. (b) The layout of Add-Mul on the AMD UltraScale+ FPGA.
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Fig. 9. (a) The layout of L-Mul on the Altera Agilex FPGA. (b) The demonstration of ALM runs in arithmetic mode. (c) The layout of Add-Mul on the Altera
Agilex FPGA.

Table 7

Resource and performance comparison of 8-bit approximate multipliers based on reported data in prior work.
Designs Year Device Family LUTs FFs CARRY DSPs Max Frq (MHz) Delay (ns) Power (mW)
AMD-Xilinx! 2015 UltraScale+ (16 nm) 69 16 14 0 730 3.54 2.32
(Exact INT8 Signed)
Ullah [30] 2018 Virtex-7 (28 nm) 56 0 4 0 / 6.95 1.68
(INT8 Unsigned)
Van Toan [31] 2020 Spartan-6 (45 nm) 59 / 4 0 / 4.65 0.4322
(INT8 Unsigned)
Ullah [16] 2020 Virtex-7 (28 nm) 37 35 4 0 / 3.41 1.65°
(INT8 Unsigned)
Ullah [17] 2022 Virtex-7 (28 nm) 54 32 9 0 / 4.37 1.66
(INT8 Signed)
DyRecMul [20] 2024 UltraScale+ (16 nm) 35 / 0 0 699 5.72 1.203
(FP8 to INT8
Signed)
L-Mul 2025 UltraScale+ (16 nm) 22 25 4 0 617 4.85 1.344
(FP8 E4M3)
Add-Mul 2025 UltraScale+ (16 nm) 24 25 2 0 691 4.34 1.344
(FP8 E4M3)

! The IP version is Multiplier v12.0 and values reported at 200 MHz.

2 Values reported from the original report (operating at 1.2V and 100 MHz).
3 Values estimated from the reported PDP in the original report.

4 Values reported at 200MHz.
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Fig. 10. The Pareto analysis under area and delay. The data under the design
point represents the Power-Delay Product (PDP).

to 200MHz.
2 The timing constraint is uniformly set to 5 ns.
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designs, L-Mul and Add-Mul, lie on the Pareto frontier. Additionally,
due to their outstanding power-efficiency, both of our designs, achieves
the second smallest Power-Delay Product (PDP) among the compared
implementations.

6. Case studies

To demonstrate the practical applicability of the proposed approxi-
mate multipliers, we conduct a case study using FP8ApproxLib. Specif-
ically, both L-Mul and Add-Mul are integrated into three representative
neural network inference accelerators: CNN, LLM, and diffusion model.
For comparison, prior open-source 8-bit approximate multipliers are
also integrated into the same accelerator designs.

6.1. CNN accelerator integration

We integrate our approximate multipliers into a CNN accelerator.
The CNN model is built using PyTorch and quantized using a post-
training quantization (PTQ) strategy [32]. The backbone of the model
is Faster R-CNN, which consists of 13 convolutional layers, 1 Region
Proposal Network, 1 Rol pooling layer, and 2 fully connected layers. We
evaluate the inference accuracy on three representative CNN datasets
(MNIST, CIFAR-10, and ImageNetV2). Table 8 shows the average ac-
curacy loss for the corresponding models under different data formats.
FP8, with its superior dynamic range, incurs less accuracy loss com-
pared with INT8. For the comparison of 8-bit approximation methods,
both L-Mul and Add-Mul demonstrate better robustness. Specifically,
across three datasets, Add-Mul achieves the lowest average accuracy
drop (—0.54%) among all methods.

To demonstrate the high energy efficiency of our approximate mul-
tiplier in hardware deployment, we integrate it into a CNN accelerator
to replace the original DSP blocks, and evaluate the corresponding re-
source usage and power consumption. For comparison, prior works are
also integrated and deployed using the same methodology. Considering
that most baseline designs are developed on the Virtex-7 platform, we
adopt the VC709 Connectivity Kit as the target platform. This choice
does not affect our implementation, as introduced in Section 2.2, the

Fig. 11. Comparison of inference accuracy on the GSM8K using LLaMA3.1-8B
under different data formats and 8-bit approximate multipliers.

Virtex-7 and UltraScale+ devices feature the same CLB architecture.
The synthesis and implementation are conducted using AMD Vivado
2022.2. As shown in Table 9, All of resource utilization, power con-
sumption, and the worst negative slack (WNS) are obtained from the
post-implementation reports generated by Vivado. Power consumption
is obtained as the sum of GTH, hard IP, and dynamic components.
Among them, GTH and hard IP are used for peripheral Component
interconnect express (PCle) communication, and this portion of the
power overhead is identical across all accelerators. The data shows
that all 8-bit approximate multipliers enable DSP-free designs. How-
ever, only our design and DyRecMul are able to maintain the original
operating frequency of 200 MHz. Among all 8-bit approximate designs,
our approach consumes the lowest LUTs and FFs, leading to reduced
power consumption. Specifically, compared to the original INT8 design,
our method achieves a 4.02% reduction in power, and compared to the
DyRecMul, power is reduced by 28.45%. In addition, the table includes
a default accelerator implementation as part of the ablation study. This
design is directly derived from Eq. (5) for RTL implementation, without
applying any primitives-based fine-grained optimizations or physical
placement constraints. The results show that under the default strategy,
the default implementation incurs higher resource usage and exhibits
inferior operation frequency. To sum up, these results demonstrate the
superiority of our design especially in power efficiency.

6.2. LLM accelerator integration

Although LLM is the initial target for the L-Mul [26] approximation,
no hardware implementation exists to evaluate its practical value. To
address this, we incorporate FP8ApproxLib into an LLM inference accel-
erator, showcasing the strengths of FP8 approximate multiplier in real
deployment. We use LLaMA-3.1-8B as the evaluation model and test
various 8-bit approximate multipliers and data formats on GSM8K [33],
a dataset of 8.5k grade-school math problems. On the hardware side,
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Table 10
Hardware deployment results for LLM inference using different multipliers,
obtained through our own experiments on an unified platform (ZCU104)

Multiplier LUT FF DSP Power (W)! WNS (ns)?
Original (Exact) 102k 150k 310 3.99 0.157
Ullah [30] 118k 145k 176 3.71 0.133
Ullah [16] 110k 147k 176 3.68 0.201
Ullah [17] 129k 146k 176 3.69 0.134
DyRecMul [20] / / / / /

L-Mul (E4M3) 106k 146k 176 3.65 0.242
Add-Mul (E4M3) 106k 146k 176 3.65 0.305

! The data is collected using the XPE tool, with the operating frequency uniformly set
to 266MHz.
2 The timing constraint is uniformly set to 3.75 ns.

Table 11
Comparing Performance with Different Data Formats on the LSUN Bedroom
Dataset with 256x256 Image Resolution.

Data Formats DDIM 100 steps

DDIM 250 steps

FID| sFID| FID| SFID|

FP32 25.03 216.08 22.88 216.91

Exact FP8 (E4M3) 29.81 226.51 26.58 225.60
INT8 32.04 229.33 34.61 238.59

Ullah [30] (INT8 Unsigned) 48.94 273.17 69.24 290.0

Ullah [16] (INT8 Unsigned) 44.39 262.84 58.21 272.33

Aoprox Ullah [17] (INT8 Signed) 80.89 362.46 92.95 363.48
PP DyRecMul [20] (INT8 Unsigned) 39.22 250.60 40.67 247.97
L-Mul (E4M3) 34.20 239.21 37.74 239.04

Add-Mul (E4M3) 33.73 232.0 3275 230.77

we integrate the approximate multipliers into our previous accelerator
framework [34].

Fig. 11 compares the resulting accuracy across configurations, with
the red dashed line marking the FP16 baseline. The results show that
negligible accuracy loss is observed for exact FP8, L-Mul, and Add-Mul
when compared to FP16. Conversely, INT8 approximate multipliers ex-
hibit substantial degradation, with some variants rendering the model
unusable.

For hardware implementation, we replace the DSPs in the Vec-
tor Processing Unit (VPU) design with 8-bit approximate multipliers.
To accommodate the increased LUT usage, we migrate the hardware
platform from KV260 to ZCU104. Power consumption is estimated
using the XPE tool under identical conditions, with the clock constraint
uniformly set to 266 MHz. The deployment results for different 8-bit
approximate multipliers are summarized in Table 10. We attempted
several integration strategies for DyRecMul, including the use of syn-
thesis constraints such as the DONT_TOUCH attribute, but were unable
to achieve a successful implementation. As observed in Table 10, all
other integrated designs arec able to meet timing constraints on the
ZCU104 board, owing to the ample resources of the UltraScale+ FPGA.
Furthermore, the two FP8 approximate multipliers in FP8ApproxLib
exhibit optimal power efficiency and WNS performance.

6.3. Diffusion accelerator integration

We also integrate the proposed approximate multipliers into our
previously developed diffusion accelerator (Diff-Acc) [35] and perform
comparisons at both the software and hardware levels. On the software
side, we apply PTQ using both INT8 and FP8 (E4M3) formats [36].
Under the same quantized operators, we directly substitute the corre-
sponding multiplication operations with their approximate approaches
during inference. On the hardware side, the original Diff-Acc directly
employed DSP blocks to perform 8-bit multiplications without any
specialized optimization. To ensure a fair comparison, we preserve the
same data path architecture from Diff-Acc and replace the original DSP
units with our proposed approximate multipliers. It is worth noting that
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Fig. 12. Example images generated by different data formats and approximate
multipliers.

Table 12

Hardware deployment results for Diffusion inference using different multipli-
ers, obtained through our own experiments on a unified platform (XCZU19EG
within ALINX Z19-P board)

Multiplier LUT FF DSP Power (W)! WNS (ns)2
INTS8 (Exact) 213k 175k 1k 3.84° 0.022
Ullah [30] 371k 271k 127 4.63 -3.26
Ullah [16] 348k 232k 127 4.33 -0.91
Ullah [17] 375k 273k 127 4.75 —0.952
DyRecMul [20] 376k 227k 127 4.56 —0.556
L-Mul (E4M3) 299k 201k 127 3.82 —0.495
Add-Mul (E4M3) 299k 201k 127 3.82 —0.464

! The data is collected using the XPE tool, with the operating frequency uniformly set
to 200MHz.

2 The timing constraint is uniformly set to 5 ns.

3 Power differences stem from platform variation: XCZU9EG (0.63 W static) in the
original work [35] and XCZU19EG (1.13 W static) in this work.

the original Diff-Acc implementation already utilized nearly 80% of the
LUT resources on the ZCU-102. As a result, we migrate the deployment
to the ALINX Z19-P board, which is also based on the UltraScale+
MPSoC architecture but offers a larger resource budget. In particular,
approximate multipliers are used to replace DSP-based multiplications
in the conv and linear modules of Diff-Acc, while the multiplication
units in normalization and nonlinear functions are left unmodified.
We first evaluate the performance of different data formats on the
LSUN [37] bedroom dataset using the DDIM [38] sampling method
with 100 and 200 steps, respectively. Table 11 presents the accuracy
differences of the diffusion algorithm after quantization, measured in
terms of Fréchet Inception Distance (FID) and sliced FID (sFID). It
can be observed that the approximate FP8 methods achieve accuracy
comparable to, or even better than INT8. Given that, FP8 approxima-
tion eliminates the multiplication operations, it offers the potential for
improved hardware energy efficiency. Furthermore, to provide a more
intuitive comparison of the generative image quality, Fig. 12 illustrates
the output states under different data formats. As observed from the
generated images, the visual quality aligns with the metrics reported
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in Table 11. L-Mul and Add-Mul deliver the best performance among
all approximate multipliers.

Table 12 reports the resource utilization, power consumption, and
WNS of different approximate multipliers integrated into Diff-Acc. Al-
though the ALINX Z19-P offers a larger resource budget, integrating
approximate multipliers still results in LUT utilization exceeding 65%.
This high utilization poses significant placement and routing challenges
for Diff-Acc, which lacks a unified architecture for large-scale matrix
computation arrays. As a result, none of the approximate multipli-
ers can operate at the originally specified clock frequency. However,
thanks to our fine-grained design, FP8ApproxLib still achieves the
lowest LUT utilization and corresponding power consumption among
all 8-bit approximate multipliers.

7. Conclusion

This paper presents FP8ApproxLib, to the best of our knowledge,
this is the first FP8 approximate multiplier design with architecture-
aware fine-grained optimization and deployment for modern FPGA
platforms.  Specifically, we begin by conducting a bit-level anal-
ysis of existing FP8 approximation methods and introduce a novel
improved approach named Add-Mul. Building upon this, we perform
fine-grained hardware deployment tailored to different FPGA archi-
tectures. Furthermore, the proposed designs are integrated into an
automated HDL generation tool, enabling users to generate synthesiz-
able code under various configurations. Experimental results show that
Add-Mul achieves lower approximation error and more favorable hard-
ware mapping compared to the previously proposed L-Mul. Compared
to prior 8-bit approximate multipliers, our FP8 designs demonstrate
the lowest LUT usage and power consumption. Finally, we integrate
FP8ApproxLib into several representative neural network accelerators,
further validating its practical applicability.
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