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Modern transformer-based deep neural networks present unique technical challenges for effective acceleration
in real-world applications. Apart from the vast amount of linear operations needed due to their sizes, modern
transformer models are increasingly reliance on precise non-linear computations that make traditional low-
bitwidth quantization methods and fixed-dataflow matrix accelerators ineffective for end-to-end acceleration.
To address this need to accelerate both linear and non-linear operations in a unified and programmable
framework, this article introduces TATAA. TATAA employs 8-bit integer (int8) arithmetic for quantized
linear layer operations through post-training quantization, while it relies on bfloat16 floating-point arithmetic
to approximate non-linear layers of a transformer model. TATAA hardware features a transformable arithmetic
architecture that supports both formats during runtime with minimal overhead, enabling it to switch between
a systolic array mode for int8 matrix multiplications and a SIMD mode for vectorized bfloat16 operations.
An end-to-end compiler is presented to enable flexible mapping from emerging transformer models to the
proposed hardware. Experimental results indicate that our mixed-precision design incurs only 0.14% to 1.16%
accuracy drop when compared with the pre-trained single-precision transformer models across a range of
vision, language, and generative text applications. Our prototype implementation on the Alveo U280 FPGA
currently achieves 2,935.2 GOPS throughput on linear layers and a maximum of 189.5 GFLOPS for non-linear
operations, outperforming related works by up to 1.45× in end-to-end throughput and 2.29× in DSP efficiency,
while achieving 2.19× higher power efficiency than modern NVIDIA RTX4090 GPU.
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1 Introduction
Since its introduction in 2017, the transformer model [1] and its variations have rapidly risen to the
forefront of modern deep learning architectures. Unlike previous-generation convolutional neu-
ral networks (CNNs) that were based predominantly on linear operations, modern transformer
models increasingly rely on high-precision non-linear operations in their designs. For instance,
the self-attention mechanism of a transformer model is typically based on the SoftMax function,
which has been demonstrated to require high-precision computation in order to achieve a model’s
accuracy [2]. Normalization layers such as LayerNorm [3] or root mean square normaliza-
tion (RMSNorm) [4] require complex non-linear operations on data that cannot easily be fused
into preceding linear layers. Finally, sophisticated activation functions such as GELU [5], SiLU
[6], and SwiGLU [7] are often used in transformer models which require precise computation,
unlike CNNs.

To address the need to approximate these non-linear functions with high-precision and high
performance, specialized hardware modules have previously been extensively explored [8–11]. Yet,
customized hardware must be designed for every non-linear function that is being employed in
a model, which is impractical when new non-linear operations for transformers are still actively
being developed in this rapidly evolving field [12, 13]. Other researchers have focused on quantizing
such non-linear functions into low-bitwidth fixed point formats in order to reduce the computation
complexity [14– 17]. Due to the outliers in transformers [18, 19], retraining is generally required
for such quantization to maintain good accuracy. However, the large size of modern transformer
models, data availability and privacy concerns, have all made such retraining method impractical
in most real-world scenarios. Besides, existing accelerators either rely on individual and specific
non-linear function units [20–22], or attempt to handle non-linear functions with general arithmetic
logic units [17]. Both strategies often lead to increased hardware overhead, reduced hardware
efficiency, and it complicates the workload balance between linear and non-linear layers. Instead, to
improve future compatibility, a general-purpose transformer accelerator that can be reprogrammed
to support new non-linear functions in floating-point arithmetic with low hardware overhead is
highly desirable.

In this article, we present a novel end-to-end framework for flexible and quantized transformer
acceleration using a transformable arithmetic architecture (TATAA) that supports both
floating-point and integer operations (Figure 1). In TATAA, static post-training quantization
(PTQ) is performed on the linear layers of a transformer model to facilitate 8-bit integer (int8)
operations. On the other hand, non-linear layers are performed using high-precision bfloat16
operations. In contrast to certain previous efforts that reduced data bitwidths in non-linear layers,
we alleviate the need for retraining by maintaining high bitwidth data formats in these layers, all the
while ensuring high efficiency during execution. To support both int8 and bfloat16 operations
efficiently, TATAA hardware architecture consists of dual-mode processing units (DMPUs)
that feature configurable arrays of integer processing elements (PE). The proposed architecture
can be transformed between a systolic array for int8matrix multiplications (MatMul) and a
SIMD-like vectorized bfloat16 computing unit. In particular, the proposed TATAA architecture

ACM Transactions on Reconfigurable Technology and Systems, Vol. 18, No. 1, Article 14. Publication date: March 2025.

https://doi.org/10.1145/3714416


TATAA: Programmable Mixed-Precision Transformer Acceleration 14:3

Fig. 1. Illustration of a typical transformer block, and how TATAA maps different operations in transformers
including linearMatMul and a variety of non-linear functions into transformable architecture, based on a
general end-to-end framework design.

employs a single type of processing unit, which is reused for all run-time operations, leveraging
the bit field patterns of bfloat16. This design choice minimizes hardware overhead and maximizes
flexibility compared to previous studies. By minimizing the overhead for run-time reconfiguration,
the proposed transformable architecture ensures the high hardware processing density necessary to
deliver the highest performance on FPGAs with limited resources. Finally, a compilation framework
is developed that maps the user-provided transformer models to the custom instruction set
architecture (ISA) of the TATAA processor cores to facilitate all operations in both linear and
non-linear layers.

To the best of our knowledge, TATAA is the first FPGA-based acceleration framework for
transformer inference that integrates floating-point non-linear functions into integer-based linear
processing units. It is programmable and is ready to support emerging transformer models with
potentially new non-linear functions. Our experimental results indicate that when simulating
model performance with a hybrid data format for transformer inference, TATAA achieves only a
minimal accuracy reduction, with 0.14% to 1.16% decrease across all evaluated models compared to
the original pre-trained model in single-precision floating-point (fp32). Additionally, the FPGA
accelerator reaches a peak throughput of 2,935.2 giga-operations-per-second (GOPS) for int8
linear operations and a peak throughput of 169.8 giga-floating-point-operations-per-second
(GFLOPS) when the processor is configured for bfloat16 non-linear operations at a clock fre-
quency of 225 MHz. Compared to related studies, TATAA achieves up to 1.45× higher throughput
and 2.29× higher throughput efficiency on DSP blocks. With the transformable architecture for non-
linear functions, our implementation achieves 4.25× lower latency for these complex bfloat16
operations compared with other works, while supporting flexible and general compilation for
emerging functions. Our end-to-end compilation framework also presents optimal mapping from
non-linear functions to hardware ISA by appropriate approximation schemes and efficient dataflow
control. Moreover, compared to state-of-the-art GPUs, our TATAA architecture outperforms a
maximum 2.19× higher power efficiency over a variety of transformer models. This prototype
underscores the potential of the TATAA approach for expediting transformer models and sets the
stage for future optimization at the microarchitectural level, while our extensive compilation flow
opens up a significant optimization space for non-linear functions and to quickly adapt to future
transformer-based model as they are being developed. To inspire the community with our proposed
novel angle toward transformer acceleration, we release the latest version of the open source code
at https://github.com/CASR-HKU/TATAA.
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2 Background and Related Works
2.1 Transformer andQuantization
The transformer architecture [1], along with its various derivatives, such as the vision transformer
(ViT) [23–25], and language models including BERT [26], OPT [27], GPT [27], and Llama [12]
have been extensively utilized in numerous applications. Regardless of the overall topology, the
fundamental unit in these models, the transformer block, typically includes components such as
MLP, activation. Figure 1 illustrates a block in ViT, where the green components represent linear
MatMul, and the yellow components denote non-linear functions or residual adders. In detail, linear
MatMul layers encompass the generation of self-attention entries (QKV-GEN), multiplication of
& ) to calculate attention weights (QK-MUL), the MatMul operation between the SoftMax-applied
attention scores and + entries (SV-MUL), followed by three feed-forward networks (ATT-PROJ,
FFN1, and FFN2). Accordingly, the non-linear functions incorporate normalization, SoftMax, and
activation, which differ across various transformer-based models, as illustrated in Figure 1. There
is also another line of works focusing on block-wise quantization, like block floating-point
(BFP) [28, 29] which keeps mantissa computation in integer but uses more fine-grained scaling
factors in customized blocks. Although we discuss integer quantization in this work, our proposed
architecture can also fit these BFP-based quantization methods by adding extra shared exponent
processing units.

Due to the efficiency of integer MatMul operations on hardware, linear quantization has been
widely applied in modern deep neural networks, including transformer models, to reduce memory
footprint and computational complexity. Equation (1) presents the switching between floating-point
(5 ?) format and quantized integer number (@), in terms of a basic multiplication I = G · ~. Such
a quantized basic operation can be extended to any linear operations (e.g., MatMul) by giving a
sufficient intermediate integer bitwidth to avoid overflow.

@G = bG 5 ?/(G c, @~ = b~5 ?/(~c
I5 ? = G 5 ? · ~5 ? = @G(G · @~(~

@I = b@G(G · @~(~/(Ic = b(@G · @~)(G(~/(Ic
. (1)

According to Equation (1), the key components to deploy quantized operations are scaling factors.
To determine the scaling factors for each layer in transformer models, the primary quantization
approaches are PTQ [18, 30–32] and quantization-aware training (QAT) [14, 15, 33]. Since QAT
requires fine-tuning and retraining with expensive overhead [34], exploring the static PTQ approach
is more practical in transformer applications and is applied in our quantization framework [32,
35]. In TATAA, we develop the quantization emulator based on a hardware matching style instead
of fake quantization to get more convincing results, following the HAWQ setups [36]. Besides,
TATAA can integrate existing PTQ schemes like FQ-ViT [32] and SmoothQuant [35]. The static
PTQ scheme only requires to access a relatively small part of dataset for calibration and getting all
the scaling factors (i.e., (G , (~, (I ) before deploying inference. Once we have the scaling factors, our
mixed-precision quantization can be done through Equation (1), switching between floating-point
and integer numbers for different kinds of layers.

2.2 Non-Linear Functions in Transformer
Beyond integer-based MatMul layers, transformers require non-linear functions to achieve high
performance. For example, SoftMax [37], Normalization (e.g., LayerNorm, RMSNorm) [3, 4], and
activation functions (e.g., GELU,1 SiLU, SwiGLU) [5–7] in Equation (2), are commonly used in

1We use C0=ℎ approximation of GELU function in this work.
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transformers to extract self-attention features, activate the feed-forward block, and normalize the
output of each block, respectively. These non-linear operations and their variants are essential yet
costly building basis of transformer models and can be difficult to implement directly or efficiently
on hardware. The linear quantization methods described in Equation (1) no longer suit non-linear
functions due to more complex operations and higher range and precision requirement during
runtime.

SoftMax (x) = exp (x)∑
8 exp (G8 )

LayerNorm(x) = x − E[x]√
Var[x] + n

· W + V, RMSNorm(x) = x√
E[x2]

· W

GELU(x) = 0.5 · x ·
(
1 + tanh

(√
2/c

(
x + 0.044715x3

) ))
SiLU(x) = x · f (x) = x · 1

1 + exp(−x) , SwiGLU(x) = (x · f (x)) · (x · f (, x + 1))

. (2)

To alleviate hardware inefficiency, several works proposed approximation techniques based on
integer-only arithmetic [15] or reduced precision computation [38], and several researchers argued
that lookup table (LUT)-based methods [39, 40] demonstrated both negligible model accuracy
degradation and higher computational efficiency. Especially in [11], the miscellaneous non-linear
operations are element-wise handled by a special function unit, which requires special breakpoints
of vectors to perform in fine granularity to hide computation latency and wire resources. LogicNets
[41] and NullaNet [42] act as general architectures that encapsulate all the operations embedded
in linear or non-linear layers by enumerating the truth table values and can be further optimized
following logic optimization algorithms. All these implementations of non-linear functions neces-
sitate additional hardware units beyond the linear processing units with larger bitwidth support.
In TATAA, we opt to utilize the same hardware processing units for both types of layers and
comprehensive support.

2.3 Transformer Accelerators
Various transformer acceleration frameworks for efficient inference have been proposed based
on GPU [47, 52], ASIC [16, 18, 43], and FPGA [11, 17, 20, 21, 44, 45, 48–51, 53–58]. Unlike GPU
and ASIC design, FPGA has attracted much attention recently, thanks to the configurable and
flexible nature of FPGA devices, which has released the low hardware utilization rate issue in
fixed architecture GPU or ASIC designs [49]. In terms of hardware architecture, part of exist-
ing accelerators focus on linear MatMul only, without full support for transformer models [18,
44, 45, 58]. In addition, all other designs with full support for transformer implement individ-
ual float-point units [17] or specific modules for non-linear functions [16, 20, 53, 59]. Among
them, spatial architecture that allows a deep pipeline between different layers has been selected
in many previous works [20, 50, 51], to reduce off-chip memory I/O. The limited on-chip re-
sources on FPGA challenge such a design choice, especially when the transformer models have
a larger and larger scale. On the contrary, TATAA utilizes a transferable architecture, allowing
full support for all operations in transformer models by compiling non-linear functions into basic
operations. Our proposed design reuses integer PEs for all operations within transformer mod-
els, thereby avoiding additional hardware costs for the small-workload non-linear functions, as
shown in Figure 1. Table 1 presents the qualitative comparison between TATAA and the relative
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Table 1. Qualitative Comparison with Related Software-Hardware Co-Design Transformer
Acceleration Frameworks

Work End-to-End
Support

Retrain/
Fine-Tuning

Hardware
Platform

MatMul
Data Format

Non-Linear
Data Format

Non-Linear
Implementation

�3 [43] No N/A ASIC int8 Integer N/A

Mokey [18] No No ASIC fxp N/A N/A

Auto-ViT-Acc [44] No Yes FPGA Mixed integer fp32 Host CPU

Zhang et al. [45] No Yes FPGA int8 fp32 N/A

FQ-BERT [46] Yes Yes FPGA int8 fxp Special units

I-ViT [14] Yes Yes GPU int8 Integer GPU vector units

I-BERT [15] Yes Yes GPU int8 Integer GPU vector units

Transformer Engine [47] Yes N/A GPU fp8 fp16/fp32 GPU vector units

ViA [20] Yes No FPGA fp16 fp16 Special units

SwiftTron [16] Yes Yes ASIC int8 fxp Special units

FTRANS [48] Yes No FPGA fp16 fp32 Special units

Huang et al. [21] Yes Yes FPGA int8 int8 Special units

FlexRun [49] Yes Yes FPGA int8 fp32 Vector units

SSR [50] Yes N/A FPGA int8 fp32 Special units

FlightLLM [11] Yes N/A FPGA int4 fp16 Special units

Chen et al. [51] Yes N/A FPGA int8 fp16
Special units

(spatial pipeline)

TATA (ours) Yes No FPGA int8 bfloat16
Reuse MatMul

hardware for vectors

works. Note that TATAA presents a new but orthogonal angle for transformer accelerators com-
pared to the spatial architecture, and it also has the potential to achieve an efficient pipeline in
TATAA design.

3 Motivation
As shown earlier, while linear layers such as self-attention and MLP can be easily quantized to
integers and deployed on MatMul processing units, quantizing other non-linear layers without
sacrificing model performance is challenging unless one applies QAT. Furthermore, maintaining
non-linear functions in higher precision (such as floating-point) and creating specialized processing
units for these less dominating functions results in significant hardware overhead and low hardware
utilization. Thus, our primary motivation is: Can we develop a unified processing unit that efficiently
supports linear layers in integer and non-linear layers in floating-point?

Given a floating-point number G with its significant bit BG , exponent 4G and mantissa<G , the real
value of G can be represented as (−1)BG · 24G−41 ·<G (the exponent bias is 41 ). Then, floating-point
multiplication (fpmul) of two numbers G and ~ is

G · ~ = (−1)BG∧B~ · 24G+4~−41 · (<G · <~). (3)

In this context, 4G + 4~ − 41 and<G ·<~ are operations on integers (specifically, unsigned integers)
with a small bitwidth. Consequently, we can implement fpmul using integer processing units with
minimal overhead for the significant bit B . Standard floating-point addition (fpadd), as another
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Algorithm 1: Fast Inverse Square Root
Input: Input bfloat16 number ~
Output: The inverse square root result 1√

~

1: ~8=C = ~.E84F (8=C16) ⊲ Does not change data bits, only changes the data format it refers to
2: C8=C = 0x5f37 − (~8=C >> 1) ⊲ 0x5f37 is the magic number in int16 [60]
3: C = C8=C .E84F (15 ;>0C16)
4: 1√

~
= ~ · (1.5 − (~ · 0.5 · C2) ⊲ Define C2 as fpapp operation. In TATAA, fpapp is one of the basic operations

basic operation, can be represented as

G + ~ = (−1)BI · 24I−41 · <I

4I =

{
4G , 4G > 4~
4~, 4~ ≥ 4G

, Δ4 =

{
4G − 4~, 4G > 4~

4~ − 4G , 4~ ≥ 4G

{BI,<I} =
{
{BG ,<G } +

({
B~,<~

}
� Δ4

)
, 4G > 4~{

B~,<~

}
+ ({BG ,<G } � Δ4) , 4~ > 4G

. (4)

In Equation (4), we have already merged the significant bit and mantissa field and transformed
this fixed-point number (fxp) into 2’s complement for integer operations. It can be seen that fpadd
is more complex than fpmul due to the alignment of the mantissa. However, after converting to 2’s
complement, this series of operations becomes integer addition and multiplication. Specifically, the
right shift can be performed using fpmul with a small LUT. The only additional overhead is the
conversion between signed digits (SDs) and 2’s complement, as well as the small LUT for right
shift.

Since floating-point division is inherently costly, we aim to speed it up using integer operations.
To achieve this, we employ the fast inverse square root algorithm [60], which decomposes division
into integer operations, as shown in Equation (5) and Algorithm 1. Observe that the C2 computation
within this algorithm is distinct from the basic fpmul and fpadd operations. Hence, we designate it
as an approximated calculation for the square root and division, abbreviated as fpapp. This term
will be utilized in the subsequent discussion in this article.

G

~
= G · 1

~
=

{
G · 1√

~
· 1√

~
, ~ > 0

G · −1√−~ · −1√−~ , ~ < 0
(5)

Based on transformable arithmetic, all basic floating-point operations can be transformed to a
series of integer atom operations. As int8 has been the most commonly used format for linear
layers quantization, we choose bfloat16 as the high-precision format for non-linear functions,
featuring an 8-bit exponent and an 8-bit mantissa. The bfloat16 format has been extensively
employed in the deep learning field for many years and has developed into a well-established
standard for both training and inference [61]. The bitwidth of this unique floating-point format is
perfectly aligned with the widely used int8, for both the exponent and the mantissa. Consequently,
based on the analysis aforementioned, it is feasible to repurpose standard int8 processing units
for fundamental bfloat16 operations, such as fpmul, fpadd, and fpdiv discussed in this section.
We also find that the most commonly used architecture for MatMul, systolic array, can actually
match the vectorized floating-point execution in terms of computation and data layout. We will
further explain the details of hardware design, ISA support, and workload mapping in the following
sections.
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Fig. 2. TATAA hardware architecture and DMPU design. The TATAA core can be configured for two kinds of
workload during runtime, to support both linear MatMul and non-linear functions.

4 Hardware Design
4.1 System Architecture
Figure 2 illustrates the proposed hardware architecture for the TATAA inference scheme. The
on-chip accelerator comprises  processing cores that function independently with their own run-
time instructions, while only one TATAA core is presented for simplification. Given the prevalent
use of high-bandwidth memory (HBM) today, we have configured the processing cores with
individual memory interfaces to communicate with external memory, thereby optimizing the
memory bandwidth utilization rate. To prevent data synchronization issues between cores, we have
deliberately divided the workloads among different cores without data dependency, which will be
further detailed in our compilation framework. As shown in Figure 2(a), each TATAA core contains
# DMPU with the integer PE design presented in Figure 2(b). The multi-DMPU architecture can
be configured for two types of workload in transformer models, as shown in Figure 2(c). In int8
MatMul mode, all # DMPUs are connected to form a single systolic array. In contrast, in bfloat16
mode, the DMPUs function independently in a SIMD-like manner to execute vectors. The Mode
MUX depicted in Figure 2(a) manages the run-time configuration that controls the connections
between DMPUs with a shared controller. We abstract the on-chip data memory as register files
(RFs) for better high-level abstract and compilation. The input data RFs are separated to the X and
Y directions (RFX and RFY), corresponding to the horizon and vertical directions in a common
systolic array for MatMul. They can be configured in different modes and store different formats
of data during runtime. Additionally, we incorporate a quantization unit and an on-chip layout
conversion module to quantize output results across layers and handle various data layouts between
different operations.
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Fig. 3. PE design in the proposed DMPUswhen deployed on FPGA devices. The converter from 2’s complement
to SD logic that locates in PE-S3’s bottom logic is not depicted in this figure since it is similar to the SD to 2’s
complement circuit in PE-S1.

4.2 DMPU
The key component in the TATAA architecture is DMPU which is configurable for two data formats.
As shown in Figure 2(b), each DMPU comprises, columns by 4 rows of the PE array. The PE
is designed for integer multiply-accumulation (MAC) operations, with an integer multiplier
(MUL) and a large bitwidth adder (ADD), as standard setups in int8 MatMul. In the int8 MatMul
mode, all the # arrays in the DMPUs are connected to function as a unified, by 4# systolic
array, and the results of the bottom PEs in one DMPU will be fed to the next DMPU as the top
input, controlled by the mode MUX in Figure 2(a). Based on the conventional integer MAC PE
design, we expand it by adding low-overhead top and bottom logic units and some extra MUX to
support mapping bfloat16 operations into it. To enhance the throughput of MatMul and address
the memory-bound challenge in transformer models, we have implemented two loading ports per
TATAA core to interact with external memory, given the presence of two matrices in MatMul. It’s
important to highlight that these memory ports are not fixed to specific RFs, RFX or RFY; instead,
they are dynamically managed by a crossbar which routes the RFs to the appropriate port.

When TATAA works in the bfloat16 mode, each DMPU functions autonomously following
a SIMD-like process, receiving data from the corresponding RFY instead of the previous DMPU.
Each column of the PE array is considered a floating-point unit (FPU), and the 4 rows become 4
pipeline stages in a floating-point, naming PE-S0 (the first stage), PE-S1, PE-S2, and PE-S3 (the last
stage). The results are buffered in dual-mode buffers (DMB) in both modes before being stored
back to external memory. Note that the intermediate bfloat16 results can also be written to RFY for
further computation, avoiding frequent I/O access. Consequently, the core utilizes, · # parallel
SIMD lanes in the bfloat16 mode, allowing the software stack to specify vectorized operations in
bfloat16 with a maximum vector length of, · # . The switch of execution modes is completely
online without reconfiguring the hardware, as presented in Figure 2(c), thanks to the custom ISA
design in TATAA.

4.3 PE Design on FPGA
Figure 3 shows the central component of DMPU in TATAA, specifically, the PE. Within this PE, the
MUL and ADD perform MAC tasks for MatMul layers, alongside executing basic integer multipli-
cation or addition in the bfloat16 mode according to the breakdown described from Equations
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(3)–(5). As TATAA aims to reuse the same hardware units for these diverse functions, multiple MUX
are incorporated within the PE to manage data pathways in different modes. Additionally, top- and
bottom-logic are executed through LUTs on FPGA for additional operations with minimal overhead,
such as normalization and overflow or underflow clamping, vital for all floating-point calculations.
Moreover, since DSP48E2 block in modern AMD FPGAs has large MUL and ADD bitwidth (27 × 18
for MUL and 48-bit ADD), a combined MAC optimization is implemented in each PE to enhance
run-time throughput, a strategy commonly adopted in various FPGA accelerators [62, 63]. When
functioning in MatMul mode, the PEs are organized as a large systolic array, integrating multiple
DMPUs to maximize throughput.

As demonstrated previously, bfloat16 operations are perceived as a four-stage pipeline, with
each stage assigned to one PE within a column. To utilize the same hardware, operations in
bfloat16 format must be transformed from the original SD format of the floating-point standard
into the 2’s complement format used in DSP blocks, with conversions back to SDs required before
storing the results in memory. Consequently, the PE must include additional processing units
specifically for bfloat16 mode, identified as top-logic and bottom-logic in Figure 3. It is important
to highlight that the top-logic architecture varies across different PE stages, and the extra circuits
have minimal overhead. For example, the converter from SD to 2’s complement is implemented
in PE-S1 (second stage), while the logic handling overflow and underflow clamping is placed in
PE-S2, and only PE-S3 contains the bottom logic needed for final normalization prior to outputting
the bfloat16 result. In detail, the SD to 2’s complement converter in Figure 3 concludes with a
bitwise inverter, a +1 ADD, and a MUX to select positive or negative data as the output. In addition,
since the exponent in bfloat16 is 8-bit, the corresponding PE needs to clamp exponent from
0 to 255, thus implementing such a unit in top-logic. The normalization unit is the same as the
standard normalization design in common FPUs, with a leading one detector to align the mantissa
and hide the hidden ‘1’ and an ADD to adjust exponent after shifting mantissa. In addition, each
PE contains several constant registers for bfloat16 mode in each stage, as the input of MUL.
The detailed dataflow of MatMul mode and bfloat16 mode will be thoroughly discussed in the
following sections, explaining how these top- and bottom-logic places in different stages of PEs.

4.4 Dataflow
The architecture proposed in TATAA can be configured for int8 MatMul mode and bfloat16
mode during runtime. Figure 4 shows the dataflow in the int8 MatMul mode, where all PEs are
connected as a systolic array, and intermediate results accumulate across DMPUs. We choose to
deploy the output stationary dataflow for MatMul. In such an execution flow, the X and Y matrices
go through the systolic array in the X (horizontal) and Y (vertical) directions, respectively. Registers
L and R are responsible for horizontal and vertical data passing, while the bottom register directly
accepts the data from the top and sends them to the next PE. After MatMul finishes, the results
stored in register P will be sent to the corresponding DMB. The intermediate sums are accumulated
in the int16 format and subsequently quantized to either int8 or bfloat16 before being saved to
external memory, depending on the format required by the subsequent layer. The static scaling
factors are pre-loaded to the quantization unit in the TATAA core before MatMul starts.

When the TATAA architecture is set in bfloat16 mode, it can execute three basic operations:
multiplication (fpmul), addition (fpadd), and the approximation step for the inverse square root
in Equation (5) and Algorithm 1 to support (0G55 37 − (~8=C >> 1))2 (fpapp) operation. These
operations can be assigned directly to the 4 pipeline stages in the 4 rows of integer-based PE, as
illustrated in Figure 5. Thanks to the arithmetic analysis from Equations (3)–(5), we can convert
bfloat16 operations into a sequence of integer operations. The integer MUL and ADD in Figure 5
are reused in the bfloat16 mode for higher resource efficiency. The floating-point pipeline not
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Fig. 4. Execution dataflow in int8 MatMul mode, in which all the PEs are connected as a whole systolic
array and deploy output stationary dataflow.

only adapts to integer arithmetic but also shares similar extra top- and bottom-logic, significantly
reducing hardware overhead. The overall overhead encompasses converters for SDs and 2’s comple-
ment, a compact 2’s power LUT, typical overflow and underflow management, and a normalization
unit, all of which are standard components in conventional FPUs. Specifically, the special fpapp
first treats the input bfloat16 binary number as int16, performs integer subtraction (addition) in
the first stage, and converts the integer binary number back to bfloat16 with the remaining three
stages for square. Using this arithmetic mapping, the proposed DMPU can execute one operation
per column in parallel, thus improving the SIMD execution of bfloat16 operations from a global
perspective. This type of sharing scheme between two modes significantly reduces the consumption
of hardware resources so that TATAA can map more parallel cores when resources are limited.

4.5 RFs and Buffers
Since the proposed TATAA framework is for flexible acceleration, abstract RFs are required for
efficient ISA and compiler design. As shown in Figure 6(a), the RFX is available only in the int8
MatMul mode since the bfloat16 data only go through the Y direction. Therefore, the abstract
concept “registers” in RFX is actually matrix buffers, and we set two registers inside (RMX0 and
RMX1) to apply double-buffer optimization, hiding the memory I/O latency. The RFX has # ports
to send data to corresponding # DMPUs. In TATAA, we define that each of the X matrix buffers
has �<0C depth for MatMul, so the total depth of RFX is 2 · �<0C .

In terms of RFY, we set up two memory banks named RFYa and RFYb, to support the two input
operators in the bfloat16mode, and each address stores one part of the parallel vector, as shown in
Figure 6(b). The data layout becomes more complex because only the RFY for DMPU0 (Dual-mode
RFY, DMRFY0) needs to store both int8 matrices and bfloat16 vectors. When it works in int8
MatMul mode, the DMPU only needs one specific part of RFYa and RFYb. The two-bank design
naturally supports double-buffer optimization (selected by the MUX), so each of them only costs
�<0C depth. Like RFX, we abstract the matrix buffers as RMY0 and RMY1 physically corresponding
to RFYa and RFYb. For the other RFY, they can only be used in the bfloat16 mode. Hence, the
depth of these RFs is set to � 5 ?E (� 5 ?E � �<0C ), so the extra memory overhead of these bfloat16
vectors is relatively small. There is a natural data layout conflict between int8 and bfloat16.
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Fig. 5. bfloat16mode dataflow and how to reuse the integer processing units. The top-logic, MUL and ADD,
and bottom-logic processing are depicted in specific colors in this figure.

Fig. 6. RF design in TATAA, and the connections between DMPU, RF, and DMB in different modes.
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Fig. 7. Illustration of the on-chip quantization and layout conversion module. The quantization method can
be found in Equation (1).

Since each bfloat16 number takes 16 bits, the output of one DMRFY0 bank (RFYa or RFYb) should
have, · 16 bits in bfloat16 mode. However, DMRFY0 also needs to store the int8 matrix, and
the, columns of the PE array only need, · 8 bits. Thanks to the combined MAC optimization
introduced before, the bitwidth of the DMPU input in int8 MatMul becomes, · 16-bit, matching
the bitwidth of one bank in DMRFY0. As for non-FPGA implementation, designers can also deploy
such optimization with larger MUL and accumulator, to fit bitwidth in bfloat16, as well as benefits
from higher throughput in MatMul operations.

In TATAA architecture, the DMB serves the function of storing results temporarily before
they are returned to the external memory. Each DMPU has a corresponding DMB in the bottom
output direction. Importantly, DMBs have varying execution procedures in MatMul and bfloat16
modes. In MatMul mode, all DMPUs form a single systolic array, leading to inactivity in the DMBs
linked to DMPU 0 through DMPU 6, with only the last DMPU 7 receiving MatMul intermediate
results. In contrast, in bfloat16 mode, all DMPUs with, columns (essentially,, FPUs) function
independently following a SIMD approach, necessitating all DMBs to store bfloat16 vector results.
A MUX also dictates the data path between the two modes, as illustrated in Figure 6(c). In MatMul
mode, both the input Y and output Z traverse all DMPUs, with the bottom DMPU receiving data
transmitted from the top DMPU as determined by the MUX. Conversely, in bfloat16 mode, each
DMPU obtains its input from RFY selected by the MUX.

4.6 On-ChipQuantization and Layout Conversion
Before writing the calculated int8 matrix or bfloat16 vector results back to external memory, the
quantization unit dynamically quantizes the activations according to the current configuration,
as shown in Figure 7. TATAA architecture supports the switch of data formats between int8 and
bfloat16, with four types of configuration in the quantization unit. All conversions here can be
handled on the basis of Equation (1) with pre-loaded floating-point scaling factors. Moreover, if
the subsequent workload cannot be directly deployed on the current data layout, TATAA manages
the on-chip layout conversion. For instance, the QK-MUL layer requires the matrix K from the
previous layer to be transposed to match the expected layout. Additionally, the bfloat16 mode
utilizes a vector-based layout, which differs from the typical matrix-based workloads.This difference
necessitates hardware support for a row-by-row storage scheme to efficiently handle both int8
→ bfloat16 and bfloat16 → int8 conversions. The only hardware overhead is to transpose
the submatrix from DMPU, since all other conversions can be done by delicately controlling the
write-back addresses, and the transpose module can be implemented using a simple register array
with dual-direction ports.
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Table 2. TATAA ISA

Instruction Type Description

CONFIG Set up static parameters (e.g., scaling factors, constants)

LOAD.M Load a matrix from memory

LOAD.V Load a vector from memory

MATMUL Execute MatMul Z = XY

MUL.V Execute fpmul of two vectors

ADD.V Execute fpadd of two vectors

APP.V Execute fpapp of one vector

STORE.M Store a matrix (executed results) to memory

STORE.V Store a vector (executed results) to memory

We also give more details to explain how the data layout converts between different MatMul
kernels, according to the MatMul dataflow in the proposed systolic array, as shown in the right
part of Figure 7. The horizontal input (X matrix) of systolic array should be transposed due to
the column-major streaming flow. Therefore, we map the static weights of transformer models
into the X side, so that all the static weights can be transposed and the final data layout matches
requirement, before the inference begins. For the vertical (input Y and output Z matrix) direction,
the data layout keeps the same during MatMul runtime, so the activations are mapped into Y and
Z to reduce extra layout conversion. A special case in transformer model is self-attention, in which
the two matrices are both activations (i.e., Q, K, and V). Hence, when the next computation kernel
is QK-MUL or SV-MUL, the TATAA architecture needs to transpose the output matrix, as well as
separates the whole matrix data into multi-head layout. All the layout conversion operations are
processed on-chip.

5 Compilation
Before introducing the proposed TATAA compilation framework, we define the terminology related
to layers, nodes, and operations. A layer is a concept at the model level, with its definition detailed
in Figure 1. The nodes operate at the graph level and are derived from a specific transformer model.
For example, the non-linear SoftMax function can be broken down into a sequence of sub-functions,
such as exponentiation, summation, and division, that become nodes in the computational graph.
These nodes can be amalgamated or subdivided into additional nodes. In MatMul, a node with a
largeMatMul size can be divided into smaller tiledMatMul to better align with hardware structures.
Operations reflect a hardware-level concept derived from nodes, implemented in the TATAA
architecture, as discussed in Section 4.

5.1 ISA
To better decouple hardware and software, we have developed a customized ISA. Our software
system can map linear operations in int8 and non-linear operations with a high-precision approxi-
mation in bfloat16. Table 2 presents the simple ISA design in TATAA. In an ISA-level perspective,
the controller is able to detect data dependencies and exploit instruction-level parallelism (ILP)
to improve throughput performance. As an example, the double buffer optimization allows the
parallel execution of the LOAD.M and MATMUL instructions. Furthermore, the previously men-
tioned data layout conversion with specific write-back addresses is incorporated into the STORE.M
and STORE.V instructions, offering sufficient flexibility and comprehensive support for inference
runtime. After compilation, all the run-time instructions are stored in the external memory, and
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Fig. 8. Top-down workflow of TATAA compiler. Note that TATAA supports various non-linear functions. The
depicted LayerNorm, SoftMax, and GELU are used as examples.

TATAA accelerator acts as a processor that fetches instructions from external memory, removing
the requirement overhead of host-based scheduling.

5.2 End-to-End Transformer Mapping
Figure 8 illustrates the top-down compilation process from an input transformer-based model to
the TATAA hardware runtime. The compilation framework first parses and converts non-linear
functions into a series of basic operations (e.g., summation, squaring, multiplication) by examining
the computation graph. For example, the LayerNorm function in Equation (2) is parsed to summation
(sum up vectors in-between), power of 2 (calculate x2 for variation), division (calculate � [x] based
on summation), and so on, as a series of operations.This parsing process has been mature in existing
machine learning frameworks like ONNX [64].

Next, the compiler applies node fusion and mixed-precision quantization by integrating data
layout conversion and quantization into the previous node, because the hardware supports on-chip
quantization and layout conversion at runtime. With this intermediate representation, the compiler
then schedules linear MatMul operations into a sequence of tiled MatMul operations, with each tile
conforming to the size of the TATAA systolic array. Currently, the basic operations of non-linear
functions are approximated and compiled into TATAA-supported operations (i.e., fpmul, fpadd,
fpapp). Details of how to approximate these operations are shown in Algorithm 2. Upon completing
these conversions, the compiler can analyze bfloat16 workloads and vectorize them for SIMD-like
instructions MUL.V and ADD.V as shown in Table 2. Finally, the compiler assigns addresses to
each atomic operation for the hardware runtime and generates binary instructions for the TATAA
processor.
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Algorithm 2: Approximation Examples for Non-Linear Functions
Input: Input activation G
Output: Exponent value of G , 4G?_G
1: 4G?_G = 2b (G/ln 2) c ⊲ 2b ·c is fused into output quantization process by a small LUT

Output: Inverse square root of G , 8B@AC_G
2: ~ = 0x5f37 − (Bℎ>AC (G) >> 1) ⊲ Similar to Algorithm 1
3: 8B@AC_G = 1.5~ − 0.5G · ~3

Output: Padé approximation of tanh (G)
4: C0=ℎ_G = 2;0<? ( 27G+G3

27+9G2 ,<8= = −1,<0G = 1)

Fig. 9. Linear MatMul scheduling in TATAA compilation.

5.2.1 MatMul Schedule. The scheduler first analyzes the shape of the output matrix and dis-
tributes it evenly across batches to avoid data dependency between parallel cores. As activations are
independent across various batches, the MatMul scheduler and the non-linear functions compiler
can concentrate solely on the batches of a single core, incrementally updating the starting address
to determine the activation addresses for other cores. Each TATAA core employs MatMul based
on an output-stationary dataflow with a fixed output tile size,, by 4# . Based on this tiling,
each output tile corresponds to a tile of matrices X and Y. After determining the addresses for X,
Y, and Z, the scheduler generates a series of instructions LOAD.M, MATMUL, and STORE.M as
assembly codes for run-time inference and applies double buffer optimization by reordering the
three types of instruction, similar to the ILP strategy. Figure 9 illustrates the scheduler in terms of
dataflow design and an example of ILP optimization using assembly codes. In this example, the
MATMUL,RMX0,RMY0,Xw, LOAD.M,RMX1,0100H,Xw and LOAD.M,RMY1M,1100H,Xw can be executed
in parallel since (1) there is no RF index conflict; (2) we design two I/O ports for loading. Besides,
the scheduler needs to decide how to map the two operands of MatMul into X and Y, since the data
layout of the two input ports in systolic array are different. For normal MLP, we map the weights
and activations into X and Y, respectively, while for QK-MUL and SV-MUL without weights, we
use another mapping scheme, as the layout conversion between X and Y can be done on hardware.
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Fig. 10. Non-linear functions compilation in TATAA. We only present three examples which are commonly
applied in most transformer models.

In terms of the MatMul tiling approach within a TATAA core (i.e., the entire workload is
distributed across multiple cores in the batch dimension), we aim to reduce the schedule complexity
by maintaining the Xw (number of columns in X) and the matched Yh (number of rows in Y) within
a single tile for as long as practical. For instance, the scheduler first determines the maximum
matrix buffer depth (�<0C as illustrated in Figure 6) and averages the tiling of Xw if it exceeds
�<0C . Otherwise, Xw remains in one tile to enhance input stream length for greater throughput.
Additionally, based on the systolic array dataflow, the tile size in the Xh and Yw dimensions must
align with the row and column count of the systolic array (i.e., 4# and, ), with suitable padding in
the input matrix. Once the tile size is set, the MatMul dataflow can be generated in a straightforward
way by accessing the for-loop in all matrix dimensions. Such a fixed scheduling method may not
achieve the theoretical optimized performance due to the huge design space, but it is sufficient in this
work to evaluate our hardware architecture. We may explore more opportunities in the scheduling
steps, by referring to the existing design space exploration frameworks like DNNExplorer [65] and
AGNA [66].

5.2.2 Non-Linear Functions Optimization. The fundamental process of mapping non-linear
functions to TATAA hardware runtime is illustrated in Figure 10. To optimize the performance
of non-linear operation execution, TATAA focuses on reducing memory access and maintaining
computation on the chip by consistently reloading computation results into local registers. As
shown in the yellow dashed box with the reload operation in Figure 10, when two vectors perform
a MUL.V or ADD.V operation, the result is stored (reloaded) in one of the X or Y registers. By
consistently performing this reloading and computation process, most computational operations are
executed together without requiring additional memory access. All operations that do not involve
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memory access employ this on-chip computation method to maximize execution throughput. Since
this on-chip computation necessitates loading as much data as possible into the RFs before executing
computation instructions, load instructions are assembled at the beginning of each non-linear
function. To mitigate sluggish memory access times for these load instructions, the outstanding
transaction features of AXI are utilized to minimize the total load duration.

Additionally, we emphasize two types of node-level optimization for non-linear functions, as
depicted in Figure 10, with the aim of significantly reducing memory I/O costs while maximizing
computational efficiency. We optimize the compiler to reuse input x vectors in RFs by rearranging
the computation nodes within the graph. This method prevents redundant loading of x onto the
hardware. Given that the LayerNorm function involves both variance and mean calculations, as
shown in Figure 10, accumulate-multiply-accumulate (AMA) facilitates the computation of
� [x], x2, and � [x2] by splitting both the X and Y registers into two groups. The input vector x is
first loaded into the first group of the X and Y registers and then multiplied by itself to store the
result x2 into the second group of registers. As demonstrated in the assembly code, after loading
the input vectors, the AMA process initiates with a series of MUL.V instructions to compute G2. The
initial and subsequent two-by-two accumulation operations are executed without encountering data
hazards, thus avoiding additional delays between computation instructions. In the first accumulation
example, the values in the X registers 0 to 3 are added to the corresponding values in the Y registers.
The sums are then stored back into registers 0 to 1 of both X and Y registers in a crosswise manner.
This approach effectively reduces the total number of registers holding partial sums by half. The
values in registers 0 to 1 are further consolidated into another partial sum, which is reloaded into
register 0 in both X and Y registers. This partial sum is subsequently added together to produce
the final accumulation result. Since the values from the first and second accumulation processes
are stored in separate sections of the X and Y RFs, the second two-by-two accumulation can
occur concurrently with the first accumulation process. This approach ensures that the maximal
amount of input vector data that both RFs can hold is loaded only once from memory, leaving a
substantial portion of the computation to be performed on-chip, thereby maximizing performance.
Furthermore, to mitigate potential data hazards during this consistent computation, a two-by-two
accumulation method is employed, which adds every two lines of input vectors and stores the
results crosswise into the X and Y registers. Such an optimization compilation works for other
normalization functions, e.g., RMSNorm as well.

Furthermore, it is important to note that the GELU function maintains a consistent tensor shape
across all nodes, enabling segmentation of all nodes into uniform tile shapes and allowing sequential
execution of these tiles from start to finish. As illustrated in Figure 10, each iteration corresponds to
a tile, and within every iteration, a much longer sequence of computation instructions is executed
between a load and a store instruction. The yellow arrows indicate this extended sequence of
computations. Although the number of memory accesses increases with the number of tiles,
the memory overhead remains minimal compared to the lengthy computation sequence. Upon
completion of each iteration, the results are written back to the address from which the input vector
was initially read. Simultaneously, all registers used in the current iteration are cleared and ready
to receive the next tile for the subsequent iteration. This multi-iterative method is optimized for
GELU scheduling to achieve two main objectives: (1) avoiding intermediate I/O communication
with external memory and (2) accommodating the limited RF space. Given that TATAA employs a
layer-by-layer execution method, these I/O optimizations are crucial for improving throughput
efficiency. Note that as long as the activation functions have the same tensor shape patterns across
all nodes (e.g., SiLU), this tile-based compilation can be applied.
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6 Evaluation
6.1 Experimental Setup
We implemented and prototyped TATAA on Alveo U280 FPGA platform using Verilog HDL and
Vitis 2021.1 tools under 225 MHz frequency, to measure resource utilization, power consumption,
and end-to-end run-time throughput. The Alveo U280 concludes 1.08M LUTs, 4.5 MB of on-chip
BRAM, 30 MB of on-chip URAM, and 9,024 DSP slices. Note that we implement the buffer based on
BRAM only. The hyper-parameters mentioned in Figure 2 are set as  = 8, # = 8,, = 16, with a
corresponding 32 by 32 systolic array and 128-lane SIMD FPUs in each core. In Alveo U280, we set
up 16 AXI channels for the 8 TATAA cores and each AXI channel has 256-bit memory bitwidth.

We have chosen a range of transformer models to evaluate the accuracy of quantization and their
run-time performance in tasks such as image classification, text classification, and text generation.
The selected models are listed below and their feature dimensions are shown in Table 3.

—For ViT, we select DeiT [24] and Swin Transformer (Swin) [25] with ImageNet-1k [67] dataset
for the image classification.

—BERT [26], as a widely used language model, is also selected for evaluation based on the GLUE
benchmark including different tasks [68].

—We also evaluate other popular language models, GPT-2 [69] and OPT [27], for the text
generation task with LAMBADA [70] and WikiText-2 datasets.

—To evaluate the general support of TATAA for non-linear functions in transformer models,
we also select state-of-the-art Llama [12] and ChatGLM2 [71] where some extra functions
like RMSNorm [4], SwiGLU [7] and SiLU [6] are deployed. Note that the two models are not
evaluated end-to-end, as we only tested the non-linear functions part on hardware.

6.2 Model Accuracy
First, we evaluate the approximation techniques outlined in Section 5.2.2 to demonstrate that our
bfloat16 implementation of non-linear functions is precise and can therefore be used for complete
model inference. Figure 11 shows the errors for the inversed square root, pade C0=ℎ, as well as
the function-level GELU approximation. We did not evaluate the power of 2 approximation as it
has been widely utilized in SoftMax hardware and demonstrated to produce negligible errors [38].
In the given input range, the overall RMSEs of approximations are 1.90 × 10−3, 1.52 × 10−2, and
1.97 × 10−3 for the two methods and the GELU activation function, respectively, demonstrating
our selected approximations for non-linear functions are sufficient.

Using the int8 + bfloat16 PTQ method, we evaluate several transformer models on a range
of tasks, simulating model accuracy through PyTorch-based quantization codes. The calibration
dataset is generated by randomly sampled a very small size of training set (16 ∼ 128 in our setups).
Table 4 presents the inference performance for ViT,2 BERT, and GPT-2 models, with classification
and text generation tasks. The drop in accuracy among all evaluation tasks is negligible from
0.34% to 1.16%, demonstrating that the TATAA PTQ scheme is available for flexible transformer
acceleration without the need for retraining overhead. As illustrated above, static PTQ is applied in
TATAA, and in the current work we can deploy other existing PTQ approaches like SmoothQuant
[35] and FQ-ViT [32], thanks to the general support in TATAA framework. With the on-chip
quantization and layout conversion module, TATAA can efficiently deploy quantized MatMul and
non-linear functions with appropriate data format and layout, as long as the framework gets static
quantization scaling factors, according to Equation (1).

2Three scales of DeiT and Swin Transformer, -T, -S, -B refer to Tiny, Small and Base, respectively.
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Table 3. Selected Transformer Models or Non-Linear Functions in the Experiments

Model Type # Blocks # Heads Hidden Size MLP Size Non-Linear Functions

Deit-S Encoder 12 6 384 1,536
SoftMax

LayerNorm
GELU

Deit-B Encoder 12 12 768 3,072
Swin-T Encoder {2, 2, 6, 2}a {3, 6, 12, 24}a {96, 192, 384, 768}a {562, 282,142,72}a
BERT Encoder 12 12 768 3,072
GPT2 Decoder 24 16 1,024 4,096

OPT-1.3Bb Decoder 24 16 2,048 8,192 SoftMax, LayerNorm, ReLU

Llama-7Bb Decoder 32 32 4,096 11,008 SoftMax, RMSNorm, SwiGLU

ChatGLM2b Decoder 28 32 4,096 13,696 SoftMax, RMSNorm, SiLU

a{…} shows dimension variance of each stage in a Swin-T [25].
bThese large language models are not evaluated on hardware runtime. We only select them for various non-
linear functions test.

Fig. 11. The non-linear function precision measures between our approximated and PyTorch’s built-in
functions. We selected two approximated sub-operations (inverse square root and pade C0=ℎ), and a function-
level GELU function for error evaluation.

Table 4. Quantization Evaluation for Various Transformer Models Based on TATAA Setups with
int8 + bfloat16

Method PTQ.
Format

ViT Classification Accuracy (%) BERT on GLUE (%) GPT-2 Medium OPT-1.3Bb

DeiT-T DeiT-S DeiT-B Swin-T Swin-S Swin-B QQP SST-2 MRPC WikiText2
PPL

WikiText2
PPL

Lambada
Acc(%)

Baseline fp32 72.14 79.83 81.79 80.99 83.21 83.60 90.98 92.90 86.03 15.94 14.62 75.41

TATAA int8+
bfloat16

70.98
(−1.16)

79.35
(−0.48)

81.65
(−0.34)

79.98
(−1.01)

82.44
(−0.77)

82.70
(−0.90)

90.15
(−0.83)

92.32
(−0.58)

85.54
(−0.49)

16.41
(+0.47)

15.18
(+0.56)

74.96
(−0.45)

aBaseline models with pre-trained fp32 parameters are loaded from PyTorch or Hugging Face model hub.
bSmoothQuant [35] is applied for OPT-1.3B quantization.

6.3 Hardware Utilization
Table 5 presents the hardware utilization and the corresponding breakdown in FPGA based on
the selected configuration. It can be concluded that the DMPUs dominate the resource cost, and
other overhead units such as quantization and transpose are relatively small. In detail, the proposed
DMPUs cost 86.8% LUTs, 85.4% FFs, and 94.1% DSPs for FPGA resources throughout the design.
Due to the SIMD approach in the bfloat16 mode, the controller overhead is minimal because the
dataflow is shared between all FPUs.

We provide a detailed comparison of different schemes, separating integer linear units from the
overhead needed to support non-linear operations, and the experimental setups are illustrated in
Figure 12, named as SA+FPU Indiv. design. For TATAA and SA+FPU Indiv. setup, Figure 13 presents
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Table 5. Hardware Utilization of the Proposed TATAA Processing Core and
the Breakdown of Resources

Components FPGA Utilization (Breakdown %)

LUT FF BRAM DSP

DMPUs 60,117 (86.8%) 85,035 (85.4%) 0 (0.0%) 512 (94.1%)
RFs 2,240 (3.2%) 4,333 (4.4%) 78.5 (54.0%) 0 (0.0%)
DMB 280 (0.4%) 224 (0.2%) 60 (41.2%) 0 (0.0%)

Quantization layout convert 6,558 (9.5%) 9,899 (9.9%) 7 (4.8%) 32 (5.9%)
Controller misc 87 (0.1%) 80 (0.1%) 0 (0.0%) 0 (0.0%)

One TATAA core total 69,282 99,571 145.5 544

Fig. 12. Experimental setup of comparing TATAA (reusing same hardware for MatMul and bfloat16 opera-
tions) and traditional implementation (individual systolic array and FPU, SA+FPU Indiv. in abbreviation). The
systolic array scale and the number of FPUs are the same for fair comparison. Note that the systolic array
scale and FPU number in this figure are based on one single TATAA core.

Fig. 13. Normalized hardware utilization on FPGA for the proposed TATAA and other related works, in terms
of linear MatMul units (-L) and non-linear functions overhead (-NL) based on three types of resources (LUT,
FF, DSP).

the normalized utilization in terms of hardware units for both linear layers (MatMul) and non-linear
functions (indicated with shadows). We compare our TATAA architecture with a design that utilizes
individual integer systolic arrays and FPUs without reuse, on the same scales (32 by 32 array and
128 lane SIMD FPUs in one TATAA core), as illustrated on the left side of Figure 13 (SA+FPU Indiv.).
Note that all non-linear functions can be compiled into separated FPUs, and the SIMD mode is
similar to the strategy commonly used in previous studies [17]. Such a comparison indicates that
the reuse scheme drastically reduces hardware costs for non-linear functions. Additionally, we
present other related FPGA-based accelerators utilization of linear versus non-linear functions
based on their reported results [21, 53, 54, 57, 72]. Our TATAA architecture exhibits comparable
overhead across three resource types, with only 10.5% FFs, and no DSPs overhead especially. As
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Fig. 14. Layerwise latency and computation workload size breakdown in DeiT-S and BERT, during TATAA
runtime.

exceptions, EFA-Trans [53] reports linear operation units including SoftMax, and in the work by Lu
et al. [72], where LUTs are employed for linear computations and the DSP overhead for non-linear
operations reaches 100%.

6.4 TATAA Run-Time Analysis
We choose DeiT-Small (DeiT-S) with batch size 16 and BERT with sequence length 128 and
batch size 32 to measure layer latency with its workload size Figure 14. We emphasize that for
the end-to-end evaluation of models (including vision models and BERT as shown in Table 3),
latency is measured from the start of the first transformer block to the conclusion of the final
MLP layer, excluding the initial embedding layer of the BERT model. The linear MatMul layers
(such as QKV-GEN, QK-MUL, SV-MUL) are the primary contributors to the transformer workload
when measured in terms of GOP (giga operations) or GFLOP (giga floating-point operations), and
therefore heavily influence total latency. Among these linear layers, QK-MUL and SV-MUL are
slightly less efficient, exhibiting a smaller workload-latency ratio compared to other MLP layers
such as QKV-GEN.This inefficiency is attributed to the fact that the multi-head attention mechanism
reduces the matrix sizes in each MatMul, which in turn leads to less data reuse in the output-
stationary dataflow. Such an analysis shows the optimization space in the future to dynamically
optimize the different size of workloads. In addition, despite the non-linear functions having
significantly smaller workloads compared to the linear MatMul layers, they nevertheless contribute
significantly to latency, accounting for approximately 25% of the total end-to-end inference time.
Hence, the implementation of non-linear functions is crucial for both model performance and
hardware efficiency, as is also proved in some previous studies [2]. Our flexible and adaptable
framework for compiling these functions offers an optimization potential for new transformer
models that utilize various non-linear functions.

Figure 15 presents the non-linear functions throughput based on bfloat16 basic operations
(GFLOPS), over several selected transformer models. Since the proposed TATAA architecture
supports full pipeline between basic operations (fpmul, fpadd, and fpapp), the theoretical maximum
throughput considering the computation resources (i.e., FPU number in TATAA architecture) can
be calculated by Equation (6):

��!$%(Cℎ4> =  · # · , · 5 A4@, (6)

where the  · # · , refer to the number of FPUs (128 in one core and 128 × 8 = 1024 in the
whole multi-core design). In our evaluation setup, the throughput ��!$%(Cℎ4> is thus 1024 × 225
MHz = 230.40 GFLOPS. Among all the test functions, our TATAA can reach to maximum 189.45
GFLOPS in GELU function of BERT model. This is because the memory-bound nature of these
bfloat16-based non-linear functions. Still, our compilation framework can reach 82.2% maximum
throughput and leave an optimization space for compiler in the future. For instance, the SoftMax
function requires accessing external memory several times due to the data dependency as illustrated
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Fig. 15. Evaluation of the selected non-linear functions in various transformer models. The throughput
(GFLOPS) is measured on hardware runtime. The SoftMax, LayerNorm, and GELU functions are based on
BERT model, while the SiLU is used in ChatGLM and RMSNorm is based on Llama-7B.

in the compilation steps Figure 10, thus causing lower throughput as the compiled operations are
highly memory-bound. The users can deploy more efficient SoftMax schemes to improve it, like
Flash-Attention [73] which significantly reduces the memory I/O.

We further compare the latency of non-linear functions in TATAA with various related studies
that have documented their evaluations of non-linear functions, as shown in Table 6. Since the
token lengths and model scales in these acceleration works are different, we normalize the latency
to cycles per element, as the same setup in [17]. The proposed TATAA achieves significantly lower
latency in terms of SoftMax and LayerNorm function, because the transformable architecture is
able to utilize all the processing units for non-linear functions, boosting the theoretical floating-
point operations throughput. In terms of GELU, since TATAA only applies naive approximation to
demonstrate our flexibility, the final latency is not good as Chen et al. [51]. But in general, our total
latency for non-linear functions still outperforms Chen et al. by 4.25×, without any computational
resources overhead. In addition, we compare the proposed implementation with previous works
in terms of throughput and area efficiency (throughput/DSP blocks), as shown in Figure 16. The
results show that TATAA also achieves higher throughput and comparable area efficiency in DSPs
(reach 19.6× and 9.1× higher than the baseline NPE-1024 design [17]), while other works may
still cost more LUTs or FFs for non-linear functions. Compared to our previous study [74] (Wu
et al.) which fuses fp32 and 8-bit BFP (bfp8) with similar motivations, TATAA achieves higher
throughput improvement since we are targeting a cheaper data format (int8 and bfloat16) and
a more efficient hardware reuse scheme. All in all, the key benefit of TATAA is the potential for
further optimization of efficiency through compilation of emerging non-linear functions, a feature
that is absent in those accelerators with fixed and specific units.

6.5 Resource Efficiency
As one of the key contributions in TATAA, we reuse the same integer hardware units for non-
linear functions deployment, saving the hardware overhead and thus improving the resource/area
efficiency. First, we evaluate end-to-end throughput (GOPS) of TATAA and normalize the throughput
into resource to obtain resource efficiency, in terms of both LUT and DSP. For comparison, we
selected related FPGA-based accelerators for transformers, calculating their efficiency based on the
utilization results. The selected models have various data format setups, e.g., DFX [56] implements
fp16 for all operations while Auto-ViT-Acc [44] only targets linearMatMul in integer. To benchmark
our transformable architecture, we also implement the SA+FPU Indiv. design, the opposite setup
compared to TATAA, as shown in Figure 12.

Figure 17 presents the resource efficiency results based on the selected implementations, in terms
of end-to-end GOPS per DSP (GOPS/DSP) and GOPS per kilo-LUT (GOPS/kLUT). Compared with
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Table 6. Normalized Non-Linear Functions Latency for TATAA and
Related Works for Non-Linear Functions Implementation

Non-Linear
Implementation

Latency (Cycles per Element) DSP
OverheadSoftMax LayerNorm GELU Total

NPE-1024 [17]
(fxp vector unit) 2.53 9.94 0.75 13.22 1.58%

Huang et al. [21]
(fxp special unit) 1.59 2.40 - - 18.5%

Chen et al. [51]
(fp special unit) 5.14 0.66 0.13 5.92 21.0%

TATAA (bfloat16
transformable architecture) 0.50 0.51 0.39 1.39

(4.25×) 0%

Fig. 16. Comparison of normalized throughput and normalized area efficiency between TATAA and related
works. The area efficiency is measured by DSP utilization.

Fig. 17. Resource efficiency in terms of GOPS/DSP and GOPS/kLUT, comparing TATAA with several FPGA-
based acceleration frameworks.

our own baseline (SA+FPU Indiv.), TATAA achieves 1.28× LUT efficiency and 1.18× DSP efficiency,
due to the hardware reusing scheme in the proposed transformable architecture. Compared to
other related works, our int8 + bfloat16 approach is still compatible with smaller workload in
linear layers. Although some previous works demonstrate superior resource efficiency in terms of
LUT or DSP, it is important to mention that they either do not support full inference on hardware
(Auto-ViT-Acc [44]) or employ more aggressive approximations of non-linear functions using
fixed-point format (Huang et al. [21]), lacking the PTQ retrain-free benefit that is implemented
in our TATAA. Besides, Wu et. al [74] proposed to fusing bfp8 and fp32 formats in the same
architecture which is similar to TATAA. However, due to the higher hardware cost for block-wise
operations and fp32 complexity, our TATAA achieves around 2.25× and 1.31× higher efficiency
for GOPS/kLUT and GOPS/DSP with similar model accuracy.
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Table 7. Hardware Performance Comparison with Relative FPGA-Based Accelerators for Transformer
Models

Work Data
Formatsa

End2end
Support

FPGA
Platform

FPGA Utilization Freq.
(MHz)

Power
(W)

Eval.
Models

Throughput
Inf./secb

Throughput
(GOPS)

DSP
EfficiencyLUT(k) FF(k) BRAM DSP

Auto-ViT-
Acc [44] fxp, fp32 No ZCU102 185.0 - - 1,552 150 9.6 DeiT-S 99.7 907.8 0.585

DeiT-B 34.0 1,181.5 0.761

Huang
et al. [21] int8, int8 Yes ZCU102 144.5 168.0 648 1,268 300 29.6 ViT-S 89.7 762.7 0.601

ViT-T 245.3 616.1 0.486

HPTA[75] int8, int8 Yes ZCU102 209.9 368.4 345 2,307 200 20.0 BERT 81.9 - 0.035c
Swin-T 148.8 - 0.065c

NPE [17] int16, fxp Yes VCU118 192.4 351.1 369 2,020 200 20.0 BERT 36.8 - 0.018c

FTRANS [48] fp16, fp32 Yes VCU118 451.1 506.6 - 6,531 - - RoBERTa 94.25 - 0.014

ViA [20] fp16, fp16 Yes Alveo U50 258.0 257.0 1,022 2,420 300 39.0 Swin-T - 309.6 0.128

SWAT [54] int8, fxp Yes Alveo U50 271.0 - 609.5 1,863 200 14.4 Swin-T - 301.9 0.162

ME-ViT[55] int8, fxp Yes Alveo U200 192.0 132.0 288 1,024 300 9.3 DeiT-B 23.9 - 0.0233c
DeiT-S 41.7 - 0.0407c

DFX [56] fp16, fp16 Yes Alveo U280 520.0 1,107.0 1,192 3,533 200 - GPT-2 0.361 185.6 0.0001c

Ye et al.[58] int8, fxp No Alveo U250 736.0 - 1,781 4,189 300 - - - 1,800.0 0.430

FET-OPU[22] int8, fxp Yes Alveo U280 886.8 716.6 1,357 4,864 200 7.4
DeiT-B 71.8 1,264.6 0.0148c
BERT 146.6 1,635.8 0.0301c
Swin-T 124.1 1,070.1 0.0256c

TATAA int8,
bfloat16 Yes Alveo U280 724.9 1,154.9 1,472 4,352 225 10.8

DeiT-S 218.6 2,836.2d 0.626
0.0502c

DeiT-B 67.6 2,796.5 0.643
0.0156c

BERT 116.8 2,935.2 0.674
0.0269c

Swin-T 179.7 2,512.3 0.685
0.0587c

GPT-2 7.9 2,579.4 0.593
0.0018c

aData formats for linear MatMul (the former one) and non-linear functions (the latter one). fxp refers to fixed-point
numbers.
bInference per second (Inf./sec) measures how many end-to-end images or sequences can be processed through hardware
in one second.
cResults with inference/sec/DSP are marked with symbols †, while those based on GOPS/DSP are indicated separately.
We provide both results for TATAA.
dWe clarify that in our work, the total operation is obtained by doubling the MAC operation. Some previous work may
directly report MACs as throughput.

6.6 Systematic Comparison with Related Studies
We summarize and compare other related FPGA-based transformer accelerators with our TATAA
FPGA prototype with respect to throughput and resource efficiency, as illustrated in Table 7. In our
setup, the ViT models (DeiT, Swin) are evaluated on ImageNet with a batch size of 16, the BERT
sequence length is fixed at 128, and the GPT-2 with 345M parameters is under 512 sequence length.
We only measure the pre-fill stage for the GPT-2 inference. For other related works, we scaled their
results to match ours if they set different sequence lengths or batch sizes, for a fair comparison. Our
TATAA achieves up to 2,836.2 GOPS with an end-to-end acceleration rate of maximum 218.6 in-
ference per second (Inf./sec) for vision models, while reaching 2,579.4–2,935.2 GOPS in language
models. We also report throughput efficiency by normalizing the total throughput with computa-
tional resources (DSPs in FPGA), offering results in terms of GOPS/DSP or Inf./sec/DSP to facilitate
comparisons across all related works. Compared to other accelerators, TATAA obtains higher
resource efficiency by factors ranging from 1.13× to 2.29× in terms of Inf./sec/DSP among all small-
scale models, except in certain cases where end-to-end support is lacking (e.g., Auto-ViT-Acc [44]),
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Fig. 18. Normalized power efficiency (Inf./sec/W) comparison between TATAA and GPU implementations.

or in some dedicated optimization work (e.g., FET-OPU [22] achieves ∼ 0.003 higher efficiency than
TATAA). Nevertheless, the most important benefit of TATAA is to support general and flexible
non-linear functions, unlike other works deploying specific support for these functions.

We acknowledge that there are other leading acceleration frameworks that surpass TATAA in
terms of throughput and area efficiency. For instance, the work by Chen et al. [51] introduced a
complete pipeline model using a spatial accelerator on FPGAs, with each block layer allocated
to a separate hardware module, maintaining adequate buffer capacities for the pipeline. This
configuration significantly enhances throughput by minimizing memory I/O operations, but as
transformer models expand, mapping and compiling such a comprehensive pipeline approach
becomes increasingly complex. Our strategy, in contrast, focuses on developing a general-purpose
and broadly applicable accelerator. SSR’s proposal by Zhuang et al. [50] involves implementing a
spatial and temporal hybrid design on Versal ACAP devices, where MatMul operations utilize the
AI Engine of AMD FPGAs. Directly comparing their framework’s efficiency with ours wouldn’t be
equitable. Nonetheless, the primary innovation in TATAA is presenting a novel methodology for
reusing the same hardware across varied operations within transformer models. Thus, TATAA can
operate independently of spatial or temporal architectures in transformer accelerators. There is
significant potential to further refine pipeline strategies among different TATAA cores to facilitate
the MatMul and bfloat16 pipeline, and we intend to explore this potential in the future, inspired
by these related works.

6.7 Power Efficiency versus GPUs
Power efficiency, as an important highlight for the TATAA to be deployed on U280, shows prominent
features of FPGA over modern GPUs. We used Xilinx RunTime for hardware execution, and Vitis
embedded power profile with Xilinx Board Utility for computing power measurements. NVIDIA
system management interface (nvidia-smi) is used for measuring GPU power on Quadro RTX8000,
GeForce RTX3090, and GeForce RTX4090.

We evaluate the internal power consumption of the TATAA framework, assessing the power
efficiency (inferences per watt) for each model. Subsequently, we measured the model execution
latency on various GPUs using consistent batch sizes and sequence lengths as in the TATAA frame-
work, thereby computing the power efficiency (Inf./sec/W). As depicted in Figure 18, our TATAA
FPGA surpasses the performance of the RTX3090 and RTX8000 across all models, demonstrating
a 1.10× improvement over the RTX4090 in normalized power efficiency for GPT2. For smaller
models, such as the small DeiT transformer, TATAA remains competitive, achieving comparable
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power efficiency in end-to-end throughput. While TATAA shows a slight degradation in efficiency
on Deit-B compared to the RTX4090, it significantly outperforms other devices on the BERT model
(2.19× more than 4,090) when the sequence length of inputs is properly adapted to the dataflow
requirements of the TATAA hardware. This emphasizes one of the critical advantages of deploying
TATAA on FPGAs compared to GPUs, highlighting its potential for processing large models with
superior power efficiency.

6.8 Potential Limitations of TATAA and Optimization Opportunities
Wehave thoroughly evaluated the proposed architecture based on hardware overhead, area/resource
efficiency, run-time throughput analysis and optimization, as well as power efficiency which is
significantly important for FPGA accelerators. Even though the results show a highly promising
trend that reusing hardware resources can improve hardware efficiency, we have to admit that such
a scheme in hardware architecture for MatMul and non-linear functions would have potentially
worse absolute performance in some cases. For example, the SIMD mode which is also used in
some previous works like NPE [17] may have lower efficiency than specialized units with dedicated
pipeline, and the potential PE under-utilization due to the different arithmetic intensity between
MatMul and floating-point non-linear operations, as well as the tensor shape and data layout
mismatch between layers and kernels. Therefore, the responsibility of compilation shows up, and it
should be optimized further to exploit such a general-purpose hardware architecture. Compared
with specific optimized hardware units for non-linear functions which may have higher throughput,
lower latency, or even better utilization rate, our TATAA design instead aim to support a wide
range of non-linear functions since the transformer models are growing at a rapid speed. Our
design choice of reusing the MatMul resources for non-linear functions in a SIMD way, not only
saves hardware overhead but also leaves sufficient design space for compiler design. Again, the
hardware accelerators design is always a tradeoff between generalization and performance. We
will definitely explore more compilation optimization opportunities based on such a novel angle
proposed in TATAA, to solve the challenges and limitations in current TATAA architecture.

7 Conclusions
In this work, we have presented TATAA, a programmable accelerators on FPGA for transformer
models by using a novel transformable arithmetic architecture. Using TATAA, we demonstrate that
both low-bitwidth integer (int8) and floating-point (bfloat16) operations can be implemented
efficiently using the same underlying processing array hardware. By transforming the array from
systolic mode for int8 MatMul to SIMD-mode for vectorized bfloat16 operations, we show
that end-to-end acceleration of modern transformer models including both linear and non-linear
functions can be achieved with state-of-the-art performance and efficiency. In the future, we plan
to explore more general FPGA implementations of TATAA with more devices support (i.e., with or
without HBM) and to enhance the flexibility of our compilation framework to accelerate future
transformer models as they are being rapidly developed.
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