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Abstract: Transformer models have become a cornerstone of various natural language processing (NLP) tasks. However, the 
substantial computational overhead during the inference remains a significant challenge, limiting their deployment in practical 
applications. In this study, we address this challenge by minimizing the inference overhead in transformer models using the 
controlling element on artificial intelligence (AI) accelerators. Our work is anchored by four key contributions. First, we 
conduct a comprehensive analysis of the overhead composition within the transformer inference process, identifying the primary 
bottlenecks. Second, we leverage the management processing element (MPE) of the Shenwei AI (SWAI) accelerator, implementing 
a three-tier scheduling framework that significantly reduces the number of host-device launches to approximately 1/10 000 of 
the original PyTorch-GPU setup. Third, we introduce a zero-copy memory management technique using segment-page fusion, 
which significantly reduces memory access latency and improves overall inference efficiency. Finally, we develop a fast model 
loading method that eliminates redundant computations during model verification and initialization, reducing the total loading 
time for large models from 22 128.31 ms to 1041.72 ms. Our contributions significantly enhance the optimization of transformer 
models, enabling more efficient and expedited inference processes on AI accelerators.

Key words: Transformer inference optimization; Three-tier scheduling; Zero-copy memory management; Fast model loading
https://doi.org/10.1631/FITEE.2400453                                           CLC number: TP181

1  Introduction

Over the past decade, pre-trained language models 
based on the transformer architecture (Vaswani et al., 
2017) have become a leading paradigm in the domain 
of natural language processing (NLP). Notable exam‐
ples of such models include BERT (Devlin et al., 
2019), GPT-2 (Radford et al., 2019), LLaMA (Touvron 

et al., 2023), wav2vec2.0 (Baevski et al., 2020), and 
whisper (Radford et al., 2023). These transformer 
models have significantly advanced state-of-the-art 
models in terms of accuracy, surpassing traditional 
models. Nonetheless, the computational intensity 
during the inference phase poses a significant barrier 
to their integration into real-world applications, which 
require strict criteria such as low latency, rapid in‐
ference capabilities, and cost-effective operational 
overhead.

There are currently two strategies for enhanc‐
ing the inference efficiency of transformer models. 
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The first pertains to the optimization of specific oper‐
ators, such as Softermax (Stevens et al., 2021) and 
FLASHATTENTION (Dao et al., 2022), and involves 
reducing accuracy and minimizing input/output (I/O) 
costs to enhance the operators’ computational speed. 
The second focuses on the optimization of the model’s 
runtime during inference, using various techniques 
such as structured pruning (Kim YJ et al., 2020), knowl‐
edge distillation (Fang et al., 2021), operator fusion, 
memory management (Chen SY et al., 2021), and 
parallel scheduling strategies (Du et al., 2022). These 
approaches collectively aim to improve inference effi‐
cacy by reducing model size and enhancing overall 
system performance. However, the intrinsic computa‐
tional overhead (Ma et al., 2021) associated with trans‐
former inference has received relatively little scholarly 
attention, despite its critical role and the need for com‐
prehensive research in this area.

To minimize the overhead during the inference 
process, we propose an innovative approach that uses 
the hardware control mechanisms of artificial intelli‐
gence (AI) accelerators. We begin by conducting a 
detailed analysis of the transformer model’s infer‐
ence control process, exploring the components of the 
runtime overhead through carefully designed experi‐
ments. Based on this analysis, we introduce a fast 
loading method that significantly reduces the over‐
head caused by loading models with PyTorch-GPU. 
We also develop a three-tier scheduling framework for 
interacting with the host and the controlling element 
on the accelerator, leveraging the accelerator’s schedul‐
ing capabilities. To minimize device’s launch expen‐
ditures, we embrace a holistic full-graph optimiza‐
tion strategy. Additionally, we implement a zero-copy 
memory management protocol based on segment-page 
fusion, which eliminates data transmission-related costs. 
These optimizations target the reduction of overhead 
throughout the inference lifecycle of transformer 
models. Our paper’s contributions are as follows:

1. We undertake a detailed analysis of the over‐
head constituents within the inference process, cate‐
gorizing them into three main segments: model load‐
ing, application programming interface (API) invo‐
cations, and ancillary factors. We find that model 
loading and API invocations account for 96% of the 
total overhead, providing crucial insights for develop‐
ing strategies to reduce the overhead.

2. We leverage the scheduling capabilities of the 
management processing element (MPE) on the Shenwei 
AI (SWAI) accelerator, implementing a three-tier sched‐
uling framework that reduces the number of launch 
operations to 1/10 000 of the baseline.

3. We design a zero-copy memory management 
technique for the SWAI accelerator cards, leveraging 
a segment-page fusion memory management mecha‐
nism at the software level. This allows the MPE and 
computing processing element (CPE) to access the 
same physical address via their distinct virtual ad‐
dresses, significantly reducing data replication over‐
head during computation.

4. We propose a fast model loading method, fol‐
lowing an in-depth examination of the whisper model’s 
loading procedure. We find that the model verification 
and model initialization account for 81.26% of the 
total model loading duration. Our method eliminates 
redundant computations, such as parameter resetting 
in the linear layers during model verification and model 
initialization, integrating the initialization with the load‐
ing of the model parameters for efficient inference. 
This reduces the total loading duration for the large 
model from 22 128.31 ms to a mere 1041.72 ms.

2  Background and related works

2.1  Basic concepts

The transformer architecture, central to contem‐
porary NLP, consists of multiple encoder‒decoder 
stacks that encode input sequences and decode output 
sequences. A key feature of this architecture is the 
“self-attention” mechanism, which enables the model 
to capture long-range dependencies in input sequences 
in a non-sequential manner. This capability makes the 
transformer architecture particularly well-suited for 
NLP tasks such as machine translation, text genera‐
tion, and question answering, consistently achieving 
a state-of-the-art performance.

Whisper, the most recent addition to the trans‐
former family, is based on pre-training models and 
weakly supervised learning. Unlike its predecessors, 
whisper is distinguished by its comprehensive archi‐
tecture, which includes components for converting 
audio to Mel-spectrograms and a language recogni‐
tion module. It demonstrates remarkable versatility, 
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handling multiple tasks such as transcription, transla‐
tion, and speech activity detection from a single audio 
input. Whisper closely adheres to the standard trans‐
former model, making it an ideal candidate for our 
analysis and the optimization of inference overhead.

The combination of the transformer model’s char‐
acteristics with the demand of NLP tasks significantly 
increases operational overhead. This increase is pri‐
marily attributable to two factors. First, the whisper 
model’s design inherently increases overhead, as it is 
trained on 30-s audio segments. Transcribing longer 
sounds requires the prediction of timestamps and the 
segmentation of the Mel-spectrogram into multiple 
30-s intervals, which must be processed sequentially. 
This procedure must be iterated multiple times for 
lengthy audio inputs. Second, the transformer model 
itself introduces overhead within each time segment. 
The decoder component generates tokens sequentially, 
with each token’s computation relying not only on the 
encoder’s output but also on previously generated 
tokens. For each time segment, the encoder operates 
once, whereas the decoder undergoes multiple iterations 
to achieve completion. The encoder processes each time 
segment once, while the decoder requires multiple itera‐
tions to complete. This leads to a substantial number of 
launch operations and memory copies for device inter‐
action, resulting in significant communication overhead, 
particularly with smaller models. This overhead can 
constitute the majority of the total computational cost.

2.2  Transformer inference overhead

The significance of data transmission and kernel 
launch overhead in the context of lightweight neural 
networks for graphic processing unit (GPU)-based 
inference has been highlighted in recent scholarly work. 
These studies emphasized the need to address this over‐
head as it is critical to the performance of such net‐
works. For instance, Kim S et al. (2021) revealed that 
the kernel launch overhead of lightweight neural net‐
works on mobile GPUs is notably high. Fujii et al. 
(2013) discussed the challenges posed by the hetero‐
geneity of GPU computing in data transmission, while 
Arafa et al. (2019) presented improvements in the per‐
formance of CUDA applications by reducing central pro‐
cessing unit (CPU)–GPU data transmission overhead.

When NLP tasks are executed using the trans‐
former model, they follow a linear operational sequence 

characterized by continuous information exchange 
between the CPU and GPU. The cost associated with 
these cross-device interactions has become a major 
concern, particularly for models of a smaller scale. 
According to Zhang et al. (2019), the average GPU 
launch time for a single device is about 6 µs without 
any parameter transfer, and the average computation 
time of the kernel function under the basic model is 
less than 10 µs. Here, the launch overhead is a con‐
siderable part of the total time. Moreover, during the 
launch operation, data transfer and other interactions 
between the CPU and GPU also occur, such as query‐
ing the GPU device. The significant one-time overhead, 
combined with the numerous calls, makes the interac‐
tion costs between the host and device a significant 
bottleneck that prevents effective model inference.

2.3  GPU optimization method

The challenge of interaction overhead in the seg‐
regated architecture of control and computation has 
been widely recognized by researchers. To address this, 
numerous strategies have been proposed to mitigate 
this overhead. Ma et al. (2021) provided an in-depth 
analysis of the runtime overhead associated with deep 
learning inference in neural network models, examin‐
ing factors such as end-to-end performance, hardware 
platforms, memory bandwidth, and model structures. 
Kim S et al. (2021) developed a performance model 
predicting the optimal timing for kernel flushes to mini‐
mal overhead. Chen GY and Shen (2015) introduced a 
“free launch” technique, facilitating the expression 
of dynamic parallelism through sub-kernel launches, 
and presented a “launch removal” code transforma‐
tion that replaces sub-kernel launches with parent 
thread reuse. Chu et al. (2020) proposed a novel ap‐
proach to achieve low latency and high bandwidth 
by dynamically fusing packing/unpacking GPU ker‐
nels to reduce expensive kernel launch overhead. 
Fujii et al. (2013) analyzed data transfer concerns for 
GPUs and characterized currently achievable data 
transfer methods in cutting-edge GPU technology. 
Sunitha et al. (2017) explored the effects of overlap‐
ping data transfer and kernel execution on the overall 
execution time of CUDA applications. Lee et al. (2013) 
verified various memory access technologies using 
different memory bindings on the AMD fusion system 
(Llano A8-3850). Boudier and Sellers (2011) explored 
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the impact of memory fusion on CPU–GPU hetero‐
geneous computing.

Fang et al. (2021) and Wang et al. (2021) recog‐
nized the overhead caused by frequent kernel launches 
during runtime and effectively addressed it through 
operator fusion. LightSeq, as described by Wang et al. 
(2021), implemented a specialized kernel function for 
layer normalization using the CUDA toolkit, ensur‐
ing a single kernel launch without intermediate results 
and integrating operations across all general matrix mul‐
tiplication (GEMM) operations. This approach reduced 
the number of launch operations per encoder layer to 
just six. Similarly, TurboTransformers, detailed in Fang 
et al. (2021), adopted operator fusion to improve the 
parallelization of operations like Softmax.

Despite the efforts of LightSeq and TurboTrans‐
formers to reduce the launch cost, they have not elim‐
inated this overhead entirely. Although they have effec‐
tively reduced the frequency of kernel launches and 
optimized specific operations, there still exists some 
residual launch cost within their runtime systems.

2.4  Controlling element on accelerators

Neural network inference, evaluating a network 
for a given input, provides many knobs for tuning and 
optimization. Substantial research has been performed 
in this direction, and many good hardware accelera‐
tors have been proposed to improve inference speed 
and energy efficiency (Sze et al., 2017). The concept 
of accelerators is not a recent innovation within the 
computing field; numerous accelerators have been 
conceptualized and realized over the years. An acce‑
lerator is essentially defined as a “separate architec‐
tural substructure” that is architected using a different 
set of objectives than the base processor, where these 
objectives are derived from the needs of a special 
class of applications (Patel and Hwu, 2008).

A common feature among accelerators is the inte‐
gration of one or more controllers, which are pivotal in 
managing the accelerator’s resources, including mem‐
ory units and systolic arrays. Some of these accelera‐
tors leverage general-purpose cores as their primary 
controlling elements (Peccerillo et al., 2022). For 
instance, Huawei’s Ascend series integrate 16 ARM 
cores based on the DaVinci architecture (Huawei, 
2020), while Intel’s Xeon Phi (Sodani et al., 2016; 
Mittal, 2020) and Intel Nervana NNP-I (Wechsler 

et al., 2019) both include x86 controller cores within 
their design. GraphH (Dai et al, 2019) opts for an 
ARM Cortex-A5 with a floating-point unit (FPU), 
and Baidu’s Kunlun K200, a manycore accelerator, is 
equipped with an arithmetic logic unit (ALU) for basic 
instructions and a special function unit (SFU) for more 
complex operations like logarithms, exponentiation, and 
square roots, as part of their XPU-clusters (Ouyang 
et al., 2020).

The SWAI accelerator exemplifies the manycore 
approach, which has proven to be an effective evolu‐
tion from the manycore paradigm, emphasizing an 
even greater degree of parallelism (Peccerillo et al., 
2022). As depicted in Fig. 1, the SWAI accelerator fea‐
tures a ring network bus design that interconnects the 
MPE (also known as the master core), four core groups 
(CGs, also known as the slave core groups), and dual-
mode peripheral component interconnect express (PCIe) 
components. Each CG contains a high bandwidth 
memory (HBM) storage controller and an array of 
32 CPEs (also known as slave cores), arranged in a 
4×8 matrix. Each CPE consists of a super-scalar pro‐
cessing core, an intra-core local storage and commu‐
nication engine, and an intelligent acceleration core. The 
MPE is designated as the central coordinator responsi‐
ble for the management of on-card resources, while the 
CPEs are specialized in executing computational tasks 
and are particularly well-suited for handling complex 
mathematical operations and data processing at high 
velocities. Additionally, a direct memory access (DMA) 
engine on the PCIe module facilitates efficient data 
transfer between the host and accelerator card.

3  Performance analysis

In models that leverage GPUs for inference com‐
putation, the execution timeline of a program can be 
divided into the following distinct phases: model 
loading, API invocations, GPU computations, and other 
overhead. We refer to the time spent on GPU com‐
putations as effective computation time and to the 
cumulative duration of all other phases as overhead. 
Our goal is to significantly reduce the overhead asso‐
ciated with transformer model inference. To achieve 
this, we conducted a thorough analysis of the control 
flow intrinsic to the inference task, using the whisper 
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model as a representative case study. This model was 
chosen due to its comprehensive architecture, which 
includes both encoder and decoder components, and 
its ability to handle multiple tasks, such as transcrip‐
tion and translation from audio inputs. Our analysis 
was designed to identify and quantify the various 
sources of overhead during the inference process. To 
validate our analysis, experimental validation was con‐
ducted on the inference workflow, executed on a server 
equipped with a Nvidia Tesla V100S GPU.

3.1  Overhead analysis

Fig. 2 presents a diagram of the whisper model’s 
operational workflow, which is based on the stan‐
dard transformer architecture for executing tasks of 
translation and transcription on input speech data. 
The process begins with converting raw speech into 
Mel-spectrograms, followed by segmenting the speech 
data into approximately 30-s intervals. Each segment 
undergoes an encoding phase, integrating positional 
encodings and passing through multiple encoder layers. 
The encoded features, combined with the preceding 
token, are then fed into a series of decoder layers to 
generate subsequent tokens, starting with a start symbol. 
This cycle continues until an end token is identified, 
marking the end of the token generation process. The 
commencement of the next temporal segment is deter‐
mined to repeat the process until the entire speech 
sequence is fully translated or transcribed. A post-
processing phase refines and selects the most opti‐
mal tokens from the encoder’s output. In this context, 

the time allocated to computational operations at the 
device level is designated as effective computation time, 
while the remaining time is categorized as device-
independent overhead.

The heterogeneous separation architecture of con‐
trol and computation presents challenges, notably the 
frequent interaction required for each operator’s com‐
putation, including launching operations and execut‐
ing memory copies. Fig. 2 illustrates that the entire 
task involves multiple linear execution cycles, extend‐
ing from the encoder to n decoders, with the main loop 
indicated in red. Each operator, whether implemented 
by cuDNN or cuBLAS, entails numerous launches 
or memcpy operations. For instance, the Conv1D opera‐
tor involves a series of direct operations, including 
Copy_Kernel_Cuda, the nchwToNhwcKernel executed 
twice, the CUDAFunction_Add performed once, and 
the computeOffsetsKernel launched once, adding up to 
seven operations in total. Additionally, auxiliary oper‐
ations such as memcpy, getDevice, and moduleUnload, 
which handle CUDA resource allocation and dealloca‐
tion, contribute to the costs of the interaction between 
the host and device.

Following a comprehensive theoretical analysis 
of the whisper model’s inference process, we pro‐
ceed to conduct empirical experiments to evaluate the 
model’s overall inference duration both on the base 
model (approximately 74 million parameters) and the 
large model (approximately 1550 million parame‐
ters). The experiments use the following official audio 

Fig. 1  SWAI accelerator architecture
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samples: JFK.wav with an 11-s speech segment and 
HP0.wav with a 260-s speech segment. The experimen‐
tal data, combined with the theoretical analysis, segment 
the inference process into model loading, API invoca‐
tions (including encoder–decoder interactions), GPU 
computation, and other elements. The results are system‐
atically presented in Fig. 3, where Fig. 3a illustrates 
the base model’s duration breakdown with JFK.wav, 
Fig. 3b depicts the large model’s duration breakdown 
with JFK.wav, Fig. 3c details the base model’s dura‐
tion breakdown with HP0. wav, and Fig. 3d exhibits 
the large model’s duration breakdown with HP0.wav.

A review of the experimental data in Fig. 3 shows 
that the model loading time increases with the model 
size, becoming the dominant component of the infer‐
ence timeline for compact models and brief audio 
samples. The temporal demand of the API invocations 
demonstrates a positive correlation with both the model 

Fig. 3  Breakdown of whisper inference duration. Only the 
integer portion of the statistics has been retained. References 
to color refer to the online version of this figure

Fig. 2  Interactions between the host and device. References to color refer to the online version of this figure
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size and processing task length, becoming the main 
time-consuming element in prolonged audio inference. 
Together, these two components account for 79%–96% 
of the total overhead, highlighting the necessity for 
detailed analysis to better understand their performance 
characteristics. Further exploration of these aspects 
will be conducted in subsequent sections.

3.2  Model loading

Upon a thorough review of the workflow within 
the whisper model, it is observed that the loading 
time for the base and large models accounted for 56% 
and 83% of the total duration, respectively, as illus‐
trated in Fig. 3. This significant time expenditure on 
model loading has driven an in-depth analysis of the load‐
ing process, which is composed of several key stages, 
including verifying the integrity of the model, load‐
ing the model to retrieve its fundamental parameters, 
initializing a whisper instance based on the model’s 
essential parameters, and transferring the whisper model 
to the device. Table 1 presents a comprehensive break‐
down of the time allocation for these stages in both 
model sizes, indicating that the base model’s loading is 
predominantly influenced by parameter loading, while 
the large model’s loading is significantly affected by 
model verification and initialization.

The model validation procedure commences with 
retrieving the model file and then employing the 
SHA-256 (secure hash algorithm with a 256-bit output) 
cryptographic algorithm to calculate the hash value. 
This hash value is subsequently verified to affirm the 
integrity of the model. The computational time of this 
hash algorithm is directly proportional to the file size, 
which is a critical consideration for large models.

The model parameters are subsequently imported 
using the pickle serialization module. These parame‐
ters are subsequently employed as parameters to initi‐
ate a whisper instance. The initialization procedure 
constructs the encoder and decoder layers, which con‐
sist of residual attention blocks (RABs). The number 
of RABs is determined by the model’s parameters, 

with each RAB comprising one or two multi-head 
attention (MHA) layers. Each MHA layer consists 
of four linear layers responsible for initializing the 
weights of the query-key-value (QKV) matrices using 
the kaiming_uniform_method, ensuring a uniform 
initialization.

For the large model, the encoder and decoder 
each consist of 32 layers, with the encoder featuring 
single MHA layers in its RABs and the decoder con‐
taining pairs, totaling 96 MHA layers. The initialization 
of the linear layers is the most time-consuming part 
of the model parameter loading process. In the large 
model configuration, the initialization of 512 linear 
layers takes an average of 11 ms per layer, totaling 5.6 s. 
This initialization step accounts for 53.13% of the 
overall whisper model initialization duration of 10.54 s.

3.3  API invocations

API invocations constitute a significant propor‐
tion of the computational overhead during the infer‐
ence process of the whisper model. As the complexity 
of inference tasks increases, the time spent on API 
invocations is expected to become the dominant factor 
in the inference workflow’s temporal expenditure. 
Using the analytical tool nvprof, we conduct a com‐
prehensive examination of the inference process to 
ascertain the GPU kernel execution time and identify 
the costs associated with the top eight API invoca‐
tions, which collectively contribute to the majority of 
the inference duration. The detailed findings of this 
analysis are systematically presented in Table 2.

Extensive empirical test has shown that for small-
scale inference tasks, the API invocations overhead 
significantly exceeds the actual GPU computation 
time. This is particularly evident when using the base 
model with the JFK dataset. The most substantial over‐
head is found to be associated with the CudaFree oper‐
ation, which is uniquely triggered at the onset of the ini‐
tial GPU computation cycle. This can be attributed to 
PyTorch’s adoption of a deferred initialization strategy 
for context initialization. Specifically, PyTorch executes 

Table 1  Model loading breakdown table

Model

Base

Large

Time (ms)

Model validation

399.70

7717.77

Model parameter loading

1409.16

3051.17

Whisper model initialization

561.81

10 549.78

Whisper model-to-device

98.77

1215.35

Load model total

2469.44

22 534.07
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the CudaFree (0) operation to signify the commence‐
ment of the initialized context. The overhead intro‐
duced by this operation remains constant regardless 
of the model size or input data, making it a critical 
component for optimization, especially for smaller 
models and inputs.

As both the model size and input task complex‐
ity grow, CudaLaunchKernel increasingly becomes 
the predominant source of overhead within API invo‐
cations. The frequency of calls to CudaLaunchKernel 
rises with the length of the audio task and the size of 
the model, as longer audio segments necessitate more 
processing cycles and larger models require more 
encoder and decoder layers. For instance, when pro‐
cessing the HP0 audio file, its cumulative time attrib‐
uted to CudaLaunchKernel often exceeds 30% of the 
total inference time.

It is important to emphasize that the GPU com‐
putation (kernel execution) time also increases with 
larger model inputs. When using large models and 
the HP0 audio file for inference tasks, the GPU com‐
putation time is no longer significantly less than the 
API invocation overhead, accounting for 40.06% of 
the total of API invocations and GPU computation 
time. Even with the rise in GPU computation time for 
large models and longer audio input, API overhead, 
including CudaLaunchKernel, also increases and re‐
mains a significant portion.

To further explore the relationship between launch 
cost and audio length, we conduct a detailed analysis of 

the frequency and timing of CudaLaunchKernel invo‐
cations. Our investigation into the launch duration 
reveals that the initial kernel launches at the commence‐
ment of program execution exhibit a notably longer 
duration, on the order of hundreds of milliseconds. In 
contrast, the average duration for each subsequent 
launch is significantly reduced, averaging around 
4.5 ms.

To enhance the precision of calculating launch 
times induced by various inference tasks, we have de‐
veloped a formulaic approach to determining the total 
number of CudaLaunchKernel calls and to estimating 
the associated launch time:

launch_time=nlayerencode βencode + mlayerdecode βdecode, (1)

launch_time=112t1n layer. (2)

Eq. (1) is broadly applicable to transformer models, 
facilitating the calculation of host-device interactions 
predicated on a specific model and task. In this equa‐
tion, n signifies the count of encoding layers, while m 
denotes the number of decoding layers. Here, layerencode 
and layerdecode represent coefficients related to the encod‐
ing and decoding layer structure, respectively. The 
quantity of these layers is typically prescribed by the 
model architecture. Additionally, βencode indicates the 
interaction time per encoding layer, while βdecode refers 
to the interaction time per decoding layer.

In Eq. (2), t1 symbolizes the input task duration 
in seconds, and nlayer refers to the number of layers. 

Table 2  Details of API invocations

Model (input)

Base (JFK)

Base (HP0)

Large (JFK)

Large (HP0)

Time

Duration (ms)

Proportion (%)

Time

Duration (ms)

Proportion (%)

Time

Duration (ms)

Proportion (%)

Time

Duration (ms)

Proportion (%)

KE

127.13

7.15

1541

29.71

765

23.42

12 500

47.85

CSIC

4

63.06

3.55

28

83

1.60

8

109

3.34

61

47

0.18

CF

4

625.32

35.19

4

624.42

12.04

4

501

15.34

4

452

1.73

CLK

10 104

568.64

32.00

203 182

1970.4

37.99

54 729

788.6

24.14

1 168 077

8578.6

32.84

CMU

443

182.26

10.26

443

195.2

3.76

443

252.55

7.73

443

309

1.18

CSCWF

16

127.71

7.19

16

118.56

2.29

16

162.56

4.98

16

143

0.55

CMA

207

30

1.69

4131

107

2.06

212

483

14.79

4635

749

2.87

CDGA

3136

16.5

0.93

3136

12.6

0.24

3136

25.55

0.78

3136

19

0.07

CGD

102 529

36.34

2.04

1 880 511

534.93

10.31

534 280

178.84

5.48

10 418 693

3327

12.73

KE: kernel execution; CSIC: CudaStreamIsCapturing; CF: CudaFree; CLK: CudaLaunchKernel; CMU: CuModuleUnload; CSCWF: 
CudaStreamCreateWithFlags; CMA: CudaMemcpyAsync; CDGA: CuDeviceGetAttribute; CGD: CudaGetDevice
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Based on empirical data, a 30-s speech recording 
typically necessitates roughly one encoding opera‐
tion and 60 decoding operations, with each encoding 
layer instigating about 56 launch operations. Employ‐
ing these empirical data points, we have ascertained 
the average number of launch operations per second 
for audio processing, which is 112 in Eq. (2). This for‐
mula allows us to swiftly approximate the number of 
launch operations expected in the transcription pro‐
cess for a given model and task, with projected out‐
comes exhibiting a discrepancy of less than 20% 
from actual measurements.

3.4  Others

Beyond the primary cost factors of model load‐
ing and API invocations, the whisper inference process 
incurs several ancillary costs. Before the encoding 
phase, the input audio requires preprocessing to derive 
the Mel-spectrogram. After decoding, the decoder ap‐
plies greedy algorithms or beam_search algorithms 
to refine the optimal outcomes, calculates probabili‐
ties from the resulting matrix, and selects the corre‐
sponding tokens from the vocabulary to generate the 
final output. Given that these elements constitute a 
minor fraction of the total cost and are of secondary 
importance, this study deliberately does not allocate 
undue focus on these components.

4  Proposed method

Following the comprehensive analysis detailed 
in Section 3, the primary sources of overhead in the 
whisper inference process have been delineated into 
two main areas: model loading overhead and API 
invocation overhead. To address the model loading 
overhead, we propose an optimized fast loading method‑
ology, meticulously designed to reduce this specific 
model loading expense.

In confronting the API invocation overhead, we 
have developed a three-tier scheduling framework and 
implemented a zero-copy memory management model. 
These innovative improvements are designed to effec‐
tively reduce both launch overhead and memory copy 
overhead, which together account for a significant 
portion of the total computational overhead.

4.1  Three-tier scheduling framework

The launch overhead is a critical component of the 
total overhead within the transformer process. As the 
inference complexity increases, this overhead rises in a 
proportional manner. In a PyTorch-GPU environment, 
each operator triggers multiple launch operations, incur‐
ring substantial overhead and significantly contribut‐
ing to the overall cost. To address this, we leverage 
the scheduling capabilities of the MPE on the acceler‑
ator card and introduce a three-tier scheduling frame‐
work specifically designed to minimize launch over‐
head. Furthermore, we adopt the full-graph descent 
strategy for scheduling between the MPE and the CPE 
to further reduce the interaction overhead.

Fig. 4 presents a visual comparison between our 
proposed three-tier scheduling system and the conven‐
tional two-tier scheduling system used in PyTorch-GPU. 
In our innovative three-tier architecture, as depicted 
in Fig. 4b, we identify three main components, host, 
MPE, and CPE. The encoding phase is represented 
by the green segment, and the decoding phase is indi‐
cated by the red segment. Unlike the two-tier system, 
which requires launching each kernel across the PCIe 
interface, our three-tier system streamlines the work‐
flow. It begins with a single PCIe launch operation 
after the completion of Mel processing, followed by 
the data transfer to the MPE for execution. Within 
the MPE, each encoding and decoding step is orches‐
trated by a single launch operation, using a computa‐
tional graph to allocate tasks to the CPE. The CPE 
then executes these tasks according to the internal 
structure of the computational graph, generates text, 
and conveys the results back to the host for the final 
presentation.

The three-tier scheduling framework integrates 
the CPU, MPE, and CPE, taking advantage of the 
MPE’s robust logical control capabilities. This frame‐
work has successfully offloaded the complete trans‐
former process from the CPU to the MPE, thereby 
transforming the traditional PCIe-based communica‐
tion between the CPU and the device into a more 
efficient on-chip interaction between the MPE and 
the CPE. Following the completion of the model load‐
ing phase, all model data are seamlessly transferred 
from the host to the device. Subsequently, employing 
the MPE as the central logical controller, we commence 
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the control process and activate the CPE to conduct 
kernel computations. The generated text is then effi‐
ciently copied back to the host for the final output. 
This architectural redesign effectively converts the con‐
ventional PCIe-crossed launch into a function call-like 
operation within the chip, reducing the time required 
for a single launch to approximately one-tenth of its 
original duration, which leads to a substantial enhance‐
ment in efficiency.

To further reduce the frequency of kernel launches, 
we have implemented a full-graph descent strategy 
within the scheduling paradigm between the MPE 
and the CPE. This approach uses the MPE to orches‐
trate a singular computational graph that includes mul‐
tiple operators. Once constructed, a consolidated launch 
is executed, assigning numerous computational tasks to 
the CPE as an integrated computational graph rather 
than individual launches for each operation. Depend‐
ing on the graph’s size, this method can significantly 
reduce the number of launch operations, potentially 

to a few thousandths or even ten thousandths of the 
initial count.

It is important to acknowledge that the full-graph 
descent approach incurs some overhead during the 
graph construction process. To mitigate this, we have 
implemented an asynchronous execution strategy. While 
the CPE is computing the current graph, the MPE con‐
currently constructs the next graph, effectively over‐
lapping part of the graph construction overhead. Ide‐
ally, we aim to fully parallelize these processes: con‐
structing the decoder graph during the encoder’s cur‐
rent round of computation and preparing the next 
encoder graph during the decoder’s current round. In 
this optimal scenario, the entire inference process 
would bear only the cost of encoder graph construc‐
tion once.

However, the size of the speech block for each 
inference task round is not static; it depends on the 
completion of the current decoder execution. This vari‐
ability prevents the initiation of the next encoder graph 

Fig. 4  Structure comparison of two scheduling systems: (a) two-tier scheduling system; (b) three-tier scheduling system. 
References to color refer to the online version of this figure
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construction before the conclusion of the current task 
round. To counter this challenge, we segment the 
encoder into self-attention and feed-forward network 
components. Within each time block, we initially 
construct the computation graph for the self-attention 
component and then strategically interweave the con‐
struction of the feed-forward network graph within 
the self-attention computation. Similarly, during the 
feed-forward network computation, we concurrently 
initiate the construction of the decoder’s graph. Fur‐
thermore, we schedule the deferral of text generation 
from the current round to be executed by the CPE 
during the subsequent decoder computations, as illus‐
trated in Fig. 5.

By adopting this methodology, we efficiently use 
the parallel capabilities of the CPE and MPE, mark‐
edly reducing the overhead introduced by graph con‐
struction. Table 3 illustrates the detailed comparative 
data on graph construction overhead before and after 
optimization.

In contrast to conventional systems, we fully lever‐
age the logical control capabilities of the accelerator 
card’s MPE. This strategy primarily uses the MPE for 
the majority of scheduling control tasks, enabling the 
efficient offloading of the most sophisticated whisper 
models onto the accelerator card, leading to a signifi‐
cant reduction in launch overhead.

4.2  Segment-page fusion memory management

The memcpy operation accounts for a significant 
component of the overhead within the transformer 
inference process. To mitigate this, we have used the 
inherent physical structure of both the MPE and 
CPE facilitated by the ring network interconnections 

within the SWAI accelerator card. This approach has 
given rise to a zero-copy memory management tech‐
nique, which maps separate virtual addresses of the 
MPE and CPE to a shared physical address, thereby 
effectively reducing the memcpy costs between the 
MPE and CPE.

As illustrated in Fig. 6a, when using a GPU for 
inference tasks, the storage devices between the device 
and host are not physically linked. Consequently, 
when the streaming multiprocessors (SMs) within 
the GPU require data from the host’s storage device, 
the data must be transferred to the device via PCIe 
using CudaMemcpy, incurring additional overhead, 
especially with large models that necessitate frequent 
or substantial data copies.

In the SWAI accelerator, the memcpy overhead 
is divided into two main parts: the initial data trans‐
mission from host to device through the PCIe inter‐
face, similar to traditional GPU-based systems, and the 
internal data replication between the MPE and CPE 
on the accelerator card. Fig. 6b illustrates the conven‐
tional memory management model, where separate 
physical address ranges are allocated to the virtual 
address spaces of the MPE and the CPE to maintain 
data consistency, security, and the prevention of resource 
contention. Despite sharing a common physical storage 
device, direct access to each other’s memory resources 
is not allowed, requiring an on-card-memcpy opera‐
tion for data exchange, which becomes a considerable 
overhead with frequent data exchanges.

The separation of the MPE and CPE memory 
space is primarily to prevent concurrent access or modi‐
fication of the same memory block. However, as shown 
in Fig. 2 and Fig. 4a, the MPE and CPE follow an 

Table 3  Time breakdown comparison

Synchronization

Asynchronization

Time (ms)
Base (JFK)

108

53

Base (HP0)

2542

1144

Large (JFK)

534

279

Large (HP0)

14 895

7048

Fig. 5  Asynchronous execution diagram
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alternating serial execution pattern for transformer 
model inference tasks. This execution paradigm involves 
the MPE in constructing the operational flow, the 
CPE in computation, and the MPE in logical process‐
ing for subsequent operations. In this scenario, there 
exists no potential for simultaneous access to the same 
physical memory by the MPE and CPE.

Leveraging this insight, we introduce a zero-copy 
memory management model tailored for transformer 
inference tasks. Instead of the conventional separation 
of physical resources, we propose a shared memory 
segment, denoted “Shared Mem” between the MPE 

and CPE, as shown in Fig. 6c. This allows both the 
MPE and CPE to access the same physical memory 
region, eliminating the need for on-card-memcpy and 
significantly reducing the data transfer overhead during 
inference.

Fig. 7 details the mechanics of our zero-copy me‑
mory management implementation using the segment-
page fusion technique.

MPE, a general-purpose processor with control 
capabilities, uses page tables to manage virtual memory, 
while CPE, a computational unit, relies on segment 
tables for virtual memory administration. A physical 

Fig. 7  Zero-copy memory management. PGD: page global directory; PUD: page upper directory; PMD: page middle 
directory; PTE: page table entry

Fig. 6  Segment-page fusion memory management mechanism: (a) CudaMemcpy via PCIe; (b) on-card data exchange; 
(c) shared Mem mechanism
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address is mapped to the MPE’s virtual space through 
multi-level page tables, and the dynamic segment 
lookaside buffer (DSLB), or segment table, is used 
to map this address to the CPE’s virtual space, en‐
abling both the MPE and CPE to access the same 
data segment without the need for on-card-memcpy 
operations.

4.3  Fast loading process

After conducting a thorough examination of 
whisper model’s loading procedure, which includes 
four key components—model verification, loading 
model parameters, whisper model initialization, and 
transferring the whisper model to the device—we 
identified two specific areas with redundant calcula‐
tions. These include unnecessary hash computations 
during the model verification phase and the superflu‐
ous parameter reset within the linear layer during 
whisper model initialization. Specifically, hash verifica‐
tion consumes 7717.77 ms, and model initialization 
requires 10 549.78 ms, together accounting for 81% of 
the total loading time for the large model. A compara‐
tive analysis of the process, before and after optimi‐
zation, is detailed as follows:

Ensuring data integrity during model verifica‐
tion is achieved through hash verification, a process 
relying on cryptographic hash functions that trans‐
form variable-length input data into fixed-length hash 
values. Whisper uses the SHA-256 hash function for 
these verification operations. However, we identify 
that performing hash verification on the entire model 
content at each deployment introduces a significant 
computational overhead. Specifically, for the large 
whisper model, this process requires approximately 
7.71 s, which is double the duration required by load‐
ing model parameters. Moreover, as the model size 
increases, the verification time escalates proportion‐
ally. Recognizing that verifying the hash value dur‐
ing each deployment is not mandatory, we propose 
an innovative approach where verification is con‐
ducted solely during the model procurement phase, 
thus eliminating the need for repetitive verification 
during deployment.

The whisper model architecture, which includes 
both encoder and decoder layers along with compo‐
nents such as RABs and MHA, undergoes an initializa‐
tion phase that encompasses essential layers like linear 

and normalization layers. We denote the initializa‐
tion times for the encoder and decoder as tEncoder and 
tDecoder, respectively, calculated using the following 
equations:

tEncoder =2tConv1D +nRAB (6tLinear +3tLayerNorm)+ tLayerNorm, (3)

tDecoder = tEmbedding+nRAB (10tLinear +3tLayerNorm)+ tLayerNorm,   

(4)

where tConv1D denotes the initialization time of a one-
dimensional convolutional layer, tEmbedding is the time of 
the embedding part, tLinear represents the initialization 
time of a linear layer, tLayerNorm is the initialization time 
of a layer normalization layer, and nRAB represents the 
number of RABs. The overall initialization time for 
the whisper model is the sum of tEncoder and tDecoder.

During initialization, the whisper model inherits 
linear layers from PyTorch, which initializes learnable 
parameters using uninitialized data tensors. A para‑
meter reset operation is employed to expedite conver‐
gence and mitigate overfitting, using the Kaiming_ 
uniform_n_layer function for initialization. This is 
particularly beneficial for resuming training or proceed‐
ing to subsequent iterations, as it facilitates explora‐
tion of the search space and avoids entrapment in local 
minima. It is important to note that a parameter reset is 
not required during the inference process. Once initial‐
ized, the parameters of the whisper model are directly 
loaded from a pre-trained model, bypassing the para‑
meter reset operation, ensuring that the parameters 
do not impact the accuracy of inference results.

To enhance the efficiency of model storage and 
retrieval, PyTorch traditionally decouples the loading 
of model parameters from the initialization of the 
whisper model. However, this separation can lead to 
inefficiencies in model loading. An optimized approach 
integrates the initialization of the whisper model with 
the loading of model parameters, reducing the overall 
model loading time.

Fig. 8a presents a schematic of the traditional 
model loading sequence in PyTorch, outlining the essen‐
tial steps for model deployment. In contrast, Fig. 8b 
illustrates the fast model loading process implemented 
in our study, containing two critical modules—model 
initialization and loading, and the subsequent trans‐
mission of the model to the device, which is charac‐
terized by three significant improvements. First, we 
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propose an innovative approach where verification is 
conducted solely during the model procurement phase. 
This strategy eliminates the need for repetitive verifica‐
tion during each deployment, thereby reducing unnec‐
essary computational overhead. Second, we have identi‐
fied that parameter reset, traditionally performed using 
the Kaiming_uniform_n_layer function for initial‐
ization, is not required during the inference process. 
Consequently, we have merged this initialization step 
into the model loading phase, streamlining the process 
and removing the need for separate parameter reset‐
ting. Third, our proposed approach enhances the model 
loading process by bypassing the intermediate stor‐
age of parameters, Mel filters, and weights in tran‐
sient memory. Instead, these components are directly 
integrated into the whisper model immediately after 
the read operation. This method of direct assignment 
eliminates the need for additional memory alloca‐
tion, streamlining the loading sequence and aligning 
it with the performance expectations of contempo‐
rary AI applications. This refined methodology, as 
depicted in Fig. 8b, strategically integrates model ini‐
tialization with parameter loading into a singular and 
efficient step.

Collectively, these refinements reduce the memory 
footprint and shorten the model loading duration, 
making the model loading procedure more efficient 
and better suited to meet the rigorous requirements 
of high-performance AI applications.

5  Experiments

5.1  Experimental setup

Our experiments aim to evaluate the inference 
overhead of the whisper model, using a server equipped 
with an SWAI accelerator card and a Tesla V100S GPU. 
The server features an Intel® Xeon® Silver 4214 pro‐
cessor, boasting 24 cores and 48 threads, operating at 
a clock speed of 2.2 GHz.

We design experiments to perform a compara‐
tive analysis of the model loading times, launch over‐
head, and the memcpy operation within the trans‐
former process. This analysis is conducted under both 
original and optimized conditions, implementing vari‐
ous strategies to reduce overhead. The final section of 
our experiments assesses the overall impact of these 
optimization approaches on reducing the operational 
costs of the whisper model. These evaluations aim to 
quantify the benefits of each optimization technique 
and to provide a comprehensive assessment of their 
combined effect on enhancing the model efficiency.

5.2  Launch overhead

This subsection evaluates the effectiveness of our 
proposed three-tier scheduling framework in reducing 
launch overhead. Comparative tests are conducted on 
two audio files, JFK and HP0, with varying durations 
and the base and large whisper models. Detailed results 
are presented in Fig. 9.

Fig. 8  Model loading process: (a) PyTorch model loading process; (b) fast loading process
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Figs. 9a and 9b illustrate the significant reduc‐
tion in launch overhead with our approach. For the 
base model, the launch overhead for JFK and HP0 
audio is dramatically decreased from 568 640 µs and 
788 600 µs to approximately 11 µs. Similarly, for the 
large whisper model, the launch overhead for JFK 
and HP0 audio is reduced from 1 970 400 µs and 
8 578 600 µs to 250 µs and 270 µs, respectively. The 
data clearly show that our methodology can reduce 
the originally substantial launch overhead to a negli‐
gible level, exhibiting remarkable effectiveness across 
various model sizes and audio lengths.

Our three-tier scheduling scheme effectively con‐
verts the launch expense associated with each graph 
computation from a PCIe communication overhead to 
the efficiency of function calls, resulting in a significant 
reduction in launch overhead. Notably, the launch cost 
per unit time in our framework is approximately 0.5 µs, 

which is markedly lower than the typical launch cost 
of 4.9 µs associated with CUDA operations. As the 
complexity of the transcription tasks and the sophisti‐
cation of the model architecture increase, the enhance‐
ment potential offered by our optimization strategy is 
expected to increase correspondingly.

5.3  Memory copy overhead

This subsection evaluates the effectiveness of 
our proposed method in reducing the memory copy 
overhead. Within the PyTorch framework, the memcpy 
operation’s duration has been observed to escalate 
with the increase in model size and the length of 
audio tasks. As depicted in Table 4, during inference 
on the audio task HP0 with the large whisper model, 
the memcpy cost soars to 749 ms, making it the most 
time-consuming element within the entire inference 
process.

Fig. 9  Launch overhead and numbers of launch operations for JFK and HP0 with base and large whisper models: (a) launch 
overhead with JFK; (b) launch overhead with HP0; (c) numbers of launch operations with JFK; (d) numbers of launch 
operations with HP0
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Originally, the memcpy overhead in the SWAI is 
composed of two distinct elements. However, the inte‐
gration with zero-copy technology post-optimization 
has effectively limited this overhead to a maximum 
of 50 ms—a significant reduction when compared to 
overhead typically observed in GPU-based systems. 
Furthermore, the deployment of this technique has 
notably minimized the data transfer time between the 
MPE and the CPE, nearly eliminating the latency asso‐
ciated with traditional data copying.

5.4  Model loading overhead

In the traditional PyTorch framework, the model 
loading process is typically divided into the following 
four distinct stages: model validation, model parame‐
ter loading, model initialization, and model-to-device 
transfer. Our optimized implementation streamlines this 
process by eliminating the model validation step during 
deployment, opting to perform this check at the time 
of model acquisition. This strategy not only simplifies 
the deployment phase but also ensures model integrity 
before operational use.

Initially, the standard PyTorch implementation 
requires separate stages for loading model parameters 
and initializing the whisper model. Our enhancements 
have consolidated these stages, enabling the simulta‐
neous initialization of the whisper model alongside 
the loading of model parameters, as detailed in Table 5. 
This streamlined model loading approach results in 

a significant reduction in the overall loading dura‐
tion. Specifically, for the base model, the loading 
time has been reduced from its original 2317.6 ms to 
186.57 ms. For the large model, the improvement is 
even more pronounced, with the loading time de‐
creasing from 22 128.31 ms to 1041.72 ms. These en‐
hancements underscore the efficacy of our optimiza‐
tion strategy in enhancing the efficiency of the model 
loading process.

5.5  Overall overhead

The cumulative overhead results are clearly illus‐
trated in Fig. 10, which provides a visual representa‐
tion of the significant reduction in control process 
overhead during inference execution achieved by our 
method. In addition, our strategy exhibits an enhanced 
performance for larger models. Typically, the infer‐
ence execution overhead incurred by our method is 
less than half of that experienced with PyTorch, and 
under the most favorable conditions, our overhead 
is merely about 5% of the overhead associated with 
PyTorch.

It is noteworthy that, in comparison to the 
PyTorch-GPU, we have included the overhead asso‐
ciated with graph construction during the development 
of the computation graph on the MPE. However, as 
depicted in Fig. 10, when using JFK for inference, 
the overhead due to graph construction is less than one-
tenth of the API invocation overhead. On the contrary, 

Table 5  Model loading time breakdown comparison

Model

Base

Large

Method

PyTorch

Fast loading

PyTorch

Fast loading

Time (ms)

Model validation

310.67

0

6646.13

0

Parameter loading

1417.31

116.20

2812.65

303.60

Model initialization

490.90

10 995.37

Model-to-device

98.72

70.37

1674.16

738.12

Load model total

2317.6

186.57

22 128.31

1041.72

In fast loading method， the parameter loading and model initialization are combined into one process

Table 4  Memcpy time breakdown comparison

Model

Base (JFK)

Base (HP0)

Large (JFK)

Large (HP0)

Time for 

PyTorch-GPU

30 ms

107 ms

483 ms

749 ms

Time for SWAI

Before

Host-to-device

45.92 ms

75.76 ms

49.03 ms

79.93 ms

MPE-to-SPE

1.29 ms

27.5 ms

1.22 ms

29.2 ms

After

Host-to-device

44.63 ms

48.71 ms

47.81 ms

50.73 ms

MPE-to-SPE

0.3 µs

0.4 µs

0.2 µs

0.5 µs
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when employing HP0 for inference, the most extreme 
scenario results in an overhead that is approximately 
half of the API invocation overhead, indicating that 
graph construction does not incur an excessively in‐
creased time overhead.

Our research has specifically targeted the often-
overlooked issue of inference overhead, aiming to alle‐
viate the overall overhead associated with transformer 
inference execution. The results of our empirical study 
confirm the effectiveness of our approach in reduc‐
ing executing overhead. Together, these findings col‐
lectively validate the positive impact of our strategy 
on decreasing the computational costs related to trans‐
former inference.

6  Conclusions

In this paper, we have conducted a comprehen‐
sive analysis of the overhead composition in the trans‐
former inference process and proposed a novel ap‐
proach to minimize this overhead using the MPE on 
the SWAI accelerator. Our contributions to the domain 
of transformer model optimization include address‐
ing the challenge of minimizing inference overhead, 
facilitating more expeditious and efficient inference 
processes by the user of the logical control capabilities 
of AI accelerators, and implementing sophisticated 
memory management techniques. These enhancements 
are expected to provide significant advantages to a 
wide range of applications reliant on transformer 

models, including but not limited to NLP, machine 
translation, and speech recognition.

Looking ahead, our future endeavors will explore 
additional optimization techniques and examine the 
scalability of our approach when applied to larger trans‐
former models. Furthermore, we plan to evaluate the 
performance of our solution across a variety of AI accel‐
erator architectures and continually refine our meth‐
odologies to further enhance inference efficiency. Col‐
lectively, our research opens new avenues for improv‐
ing the inference performance of transformer models 
in practical applications.
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