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Abstract—Artificial intelligence (AI) model inference perfor-
mance in browsers is constrained, and transmitting data to the
server consumes substantial transfer time by cloud computing.
In this paper, we investigate the status quo of cloud and browser
processing and explore model computation partitioning methods.
Our study is rooted in WebGPU and employs the Tensor-
flow.js framework, encompassing seven AI models spanning
computer vision, natural language processing, and automatic
speech recognition domains. Leveraging the characteristics of
neural network layers, we find a significant performance boost
through a method that partitions AI models at layer granularity.
We design a system called WebInf to partition AI models at
layer granularity between the browser and server for faster
inferencing-based adaptive model partitioning. WebInf supports
diverse hardware, wireless networks, neural network structures,
servers, and adaptive partitioning models for optimal inference
performance. We evaluate WebInf on two laptops and servers,
demonstrating that Weblnf yields inference time improvements
of 30% and 52%, respectively, when compared to separate
inference execution in servers and browsers. The improvements
can even peak at 33% and 69% respectively.

Keywords—Model partitioning, WebGPU, Neural network,
Edge device

1. INTRODUCTION

Currently, the Al models that have been deployed on the
web are increasingly becoming more convenient, including
intelligent search [1], recommendation system [2], automatic
translation [3], sentiment analysis [4], and virtual assistant
[5]. It allows the same AI model to perform inference
seamlessly across various browser platforms, regardless of the
hardware configurations (personal computers, smartphones,
and wearables) and operating systems (Windows, Mac, iOS,
and Android) [16]. Modern browsers incorporate hardware
acceleration features, like WebGL [6] and WebGPU [7],
to optimize the performance and efficiency of Al models.
However, deploying Al models in browsers is still a challenge
due to the limited computing resources and memory capacity
of browsers [17]. Additionally, the high latency of requests
involved in uploading and downloading data from browsers
to servers further complicates the process [34]. This limitation
is particularly noticeable with latency-sensitive models such
as object detection [8], which are unable to be effectively
deployed in a browser environment.

*Corresponding author.

To solve the above challenge, researchers introduce various
methods to enhance inference performance and reduce com-
munication costs on servers. Serverless computing improves
the inference efficiency of Al models in the server [9], [10].
Elastic algorithms [10] automatically adjust model training
and inference based on different resource configurations and
workload requirements. Al models deployed exclusively in
the server have fast inference speeds, but they suffer from
significant network communication latency during user re-
quests, and they also raise potential privacy concerns. On the
other hand, some researchers choose to deploy Al models on
the browser to reduce communication costs [11], [12]. For
instance, WebDNN [11] aims to swiftly execute deep neural
networks within the browser and WebGL technology for edge
machine learning inference [12]. While this approach reduces
network communication latency during requests, the resource-
constrained browser environment may diminish model infer-
ence efficiency. We are exploring approaches that strike a
balance between network communication latency and model
inference latency.

In response to the shortcomings of the aforementioned
work, we consider dividing Al models into two parts, with
one part executing on the browser and the other on the server
to balance inference efficiency and communication latency.
However, achieving the trade-off of efficiency and latency of
different models is challenging. Firstly, how do we study the
characteristics of Al models? We analyze the output data size
and inference time of each layer of the AI models. Secondly,
how can dynamic model partitioning be implemented? We
take into account the model’s structure, data size, variations
in local workload levels, and fluctuations in wireless network
bandwidth to decide the optimal partitioning point. Based on
the considerations outlined above, we propose an adaptive
model partitioning system called WebInf, comprising browser
and server components. It is capable of autonomously identi-
fying the optimal partition point within neural networks. The
specific contributions of this paper are as follows:

e We propose a method for partitioning computations
within neural networks based on WebGPU. The approach
is easier to extend to multiple models, heterogeneous
platforms and devices.

e We design WeblInf, a system for adaptive offloading

2690-5965/23/$31.00 ©2023 IEEE 2499
DOI 10.1109/ICPADS60453.2023.00333
Authorized licensed use limited to: Southeast University. Downloaded on October 06,2026 at 13:35:48 UTC from |IEEE Xplore. Restrictions apply.



Al model computations between browser and server in
layer-level granularity by leveraging the computing capa-
bilities of both, simultaneously trade-off communication
latency.

o Comparing independent cloud-only and browser-only
processing, WebInf improves model inference latency
and achieves better performance and accuracy than the
state-of-the-art methods.

The remainder of this paper is as follows. In Sec. 2, we
introduce the current state of model inference on browsers.
Sec. 3 analyzes the characteristics of AI models partitioning
at layer granularity and gives key observations. Sec. 4 shows
the system of WeblInf. Experimental evaluation is presented
in Sec. 5. Sec. 6 summarizes the related work of this paper
and Sec. 7 concludes this paper.

2. STATE OF MODEL INFERENCE ON BROWSER

Cloud providers currently rely on performing all neural
network model processing in the server to enable intelligent
applications. However, this approach incurs a significant over-
head due to the high cost associated with transmitting data
over wireless networks. An alternative approach is to perform
neural network model inference on the browser. However,
this method is not optimal due to the limited computational
resources and memory available in the browser.

We evaluate the performance of model inferencing in
server and browser. Specifically, we use MobileNetV1 [13]
as our application model and deploy a convolutional neural
network for image classification. We use a laptop with an
integrated graphics card as the edge device (GPU: Inter(R)
UHD Graphics 730) and a discrete graphics card-equipped
machine as the server (GPU: NVIDIA RTX 3060).

In Fig. 1, we conducted a test using a 192kb image
to measure the end-to-end latency (communication latency
and computation latency) of MobileNetV1 under different
inference modes. The end-to-end latency of 4G is estimated
to be approximately 131ms from browser to server, while it
is about 39ms for WiFi. Although the computation latency
(approximately 5ms) is lower in the server, the transmission
latency is much larger than the computation latency. The
abscissae “WebGPU” and “WebGL” express the computation
latency in the browser, about 38ms and 47ms, respectively.
Compared to computing on the server, browser-only comput-
ing saves transmission costs, but sacrifices computing costs.

In a word, cloud computing offers significant computational
power, but data transmission time can impact performance,
particularly with WiFi. The model inferencing on the browser
eliminates the communication cost but increases the computa-
tion latency. Therefore, we consider combining the advantages
of browser and server to balance communication latency and
computing latency.

3. COMPUTATION PARTITIONING OF AI MODELS

The findings of Sec. 2 provide a rational basis for the
division of Al models between the browser and the server. We
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analyze the size of output data and the latency of execution
at layer-level granularity.

3.1 The characteristic of pre-layer in MobilenetVI

We begin our investigation by analyzing the data and
computational characteristics of each layer in MobileNetV1,
aiming to gain insights into the potential benefits of partition-
ing neural network model computations between the browser
and server domains.

Per-layer latency. The red bars in Fig. 3 display the
execution time of each layer on the WebGPU, arranged from
left to right in their sequential execution order. Convolu-
tion layers conv (including pointwise convolution pw and
depthwise convolution dw) emerge as the most time-intensive,
accounting for over 80% (Fig. 2) of the overall execution time.
Notably, despite lower computational complexity, pointwise
convolution pw layers often exhibit higher latency than regular
convolution layers due to the intricate memory access patterns
involved. Batchnormalization bn layers and global average
pooling gap2d layers demonstrate faster execution times.

Data size variation. The markers on the lines in Fig.
3 indicate the size of the output data for each layer, with
the output of the preceding layer serving as the input for
the subsequent layer. Early-stage convolution conv (including
pointwise convolutions pw) yields a substantial volume of
output data, represented by the tallest bars in Fig. 3. Because
early-stage convolution uses hundreds of convolution kernels
on input feature maps to extract informative features. Output
data size remains constant after batch normalization and
activation layers relu6. However, the application of depthwise
convolution dw significantly reduces data size, resulting in
reductions of up to 6x. Finally, the output layer dense reduces
the data to a single classification label.

Key observations. We conclude the following observations
with the above experimentation based on per-layer latency and
data size variation.

o Each layer possesses distinct computational and data

profiles based on its type and position within the model.

o The data size in later layers is significantly smaller than

that of the input layer. Notably, higher computation times
are generally observed in the later layers of the model.

o Front-end data volume tends to decrease, while back-end

latency per layer tends to be higher, indicating promising
opportunities for computational partitioning between the
browser and the server in neural network models.
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Fig. 4: The end-to-end latency of MobilenetV1 when choosing different partition points. The partition points for best latency
are each marked by *.
TABLE 1: Benchmark specifications

3.2 The selection of layer-granularity partitioning APP Network Input Layers
We i . h e " hol M NLP Spam detection Word vectors 6
¢ Investigate the partitioning of each layer i Mo- ASR | Speech commandsV1 | Speech commands 23

bileNetV1 between the browser and the server by employing
WiFi as the wireless network configuration. More importantly,
we analyze the end-to-end delay of MobileNetV1 through
different partition points and give key observations.

Partition points. Each bar of Fig. 4 represents the end-to-
end latency of MobileNetV1 when choosing different partition
points. The layer before the partition point is processed on the
browser, and the layer after the partition point is offloaded to
the server for processing by WiFi transmission. The leftmost
bar represents cloud-only processing on the server (i.e., par-
titioned from the beginning). As the partitioning point moves
from left to right, more layers are processed on the browser.
The rightmost bar represents execution browser-only (i.e.,
partitioned at the end).

Partition for latency. We observe that if partitioning occurs
at the front end, data transmission becomes the dominant fac-
tor in the end-to-end latency. Although no data transmission
is required in the back end, the poor inferencing ability of the
browser is the dominant factor in the delay. The partitioning
point somewhere in the middle provides better performance
by minimizing data transmission overhead and utilizing the
powerful server for computationally intensive layers. As is
shown in Fig. 4, the partitioning point dw6 achieves the
lowest latency when combining the computing capacity of the
browser and server and utilizing WiFi as a network transmis-
sion. We will process the layer before partitioning point dw6
on the browser and send the inference result to the server by
WiFi. The server continues to infer subsequent layers based
on the uploaded results. Compared to independent cloud-only
processing and browser-only processing, partitioning point-
based processing improves 31% and 30% latency respectively.

Key observations. We conclude the following observations

2501

by the above experimentation based on different partition
points and inferencing latency.

o Partitioning at the layer granularity offers significant
improvements in latency.

o For MobileNetV1 with WiFi transmission, the optimal
partitioning point lies within the middle layers of the
model.

3.3 Generalizing to more Al models

We extend our research to two intelligent applications
Natural Language Processing (NLP) and Automatic Speech
Recognition (ASR) to investigate their data and computational
characteristics, as well as their impact on the computation par-
titioning points. Detailed information about the benchmarks
is provided in Table 1. We partition each model from the
first non-input layer to the final layer and employ a wireless
network configuration.

NLP applications. Layer decomposition is depicted in
Figures 5(a). In comparison to Computer Vision (CV) models,
NLP models commonly incorporate inputs with temporal
dependencies, which typically entail embedding layers and
recurrent neural network (RNN) layers. These layers are
computationally demanding, and due to the shorter input
sequences, there are prospects for partitioning near the initial
stages of the model. Fig. 6(b) shows the optimal partition
point.

ASR applications. Layer Decomposition is illustrated in
Fig. 5(b). The model incorporates gated recurrent unit (GRU)
[35] layers and long short-term memory (LSTM) [36] lay-
ers. These two layer types are computationally intensive.
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latency when choosing different

Additionally, due to the shorter input sequences, there are
opportunities for partitioning near the beginning of the model.
Fig. 6(b) shows the optimal partition point.

Key observations. We conclude the above experimentation
based on more Al models.

o In CV applications with convolutional layers, convolu-
tions tend to increase the data size, while global average
pooling layers significantly reduce it.

Only models with similar-sized fully connected and ac-
tivation layers exhibit minimal variation in layer latency
and data size.

The optimal partition point of a neural network model
depends on its topology and the composition of its layers.
CV models tend to benefit from partitioning around
the middle layers, whereas for ASR and NLP models,
partitioning closer to the input is more advantageous.
The pronounced variability of the optimal partition point
suggests the need for a system that dynamically allocates
Al models between the browser and the server based on
their neural network configuration.

4. WEBINF DESIGN

The optimal partitioning point of the model depends on the
neural network’s topology, which is reflected in the variations
of computation and data size at each layer. Additionally, even
for the same neural network structure, dynamic factors such
as the state of wireless networks can influence the optimal
partitioning point. Due to these dynamic factors, an automated
system is required to intelligently select the optimal point for
model partitioning to optimize end-to-end latency or energy
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consumption on mobile devices. To fulfill this requirement,
we have designed an intelligent model partitioning engine,
Weblnf. Weblnf consists of an offline phase and an online
optimization system, aimed at managing the execution of
partitioning in intelligent applications. Fig. 7 illustrates the
design of Weblnf.

Offine training stage. Weblnf configures the browser and
servers to generate layer performance prediction models.
Weblnf needs to be executed only once for a given set of
browsers and server platforms, without the need to analyze
each model individually. This set of prediction models is
stored in the browser and subsequently utilized to predict the
latency of each layer in the target model.

Online optimization stage. During runtime, while execut-
ing the model on the browser, WeblInf dynamically determines
the optimal partitioning point for the model. As shown in
Fig. 7, the steps are as follows: 1) Weblnf analyzes the layer
types and configurations of the model’s neural network. 2)
Weblnf uses stored layer performance prediction models to
estimate the latency of executing each layer on both browser
and server platforms. 3) WebInf combines the current wireless
connection bandwidth to select the optimal partition point,
optimizing the best end-to-end latency. 4) Weblnf performs
model execution, partitioning computation between browser
and server.

4.1 Performance prediction model

The execution time varies across different layers. We ob-
serve that, for each layer type, there are significant latency
variations based on different layer configuration parameters.
We modify the parameters of the same layer and measure
its execution time. We use regression functions to model both
browsers and servers. In comparison to Neurosurgeon [33], we
have increased the variety of layers and the amount of input
data in our regression model, leading to improved prediction
accuracy.

Convolution layer. GFLOPs (the computational power of
models), the number of channels of the input feature map,
and (convolution kernel size/stepsize)? x (number of
convolution kernels) are used as input variables.

Fully connected layer. This layer is usually used as the
last layer of the neural network to map the feature maps
output from the previous convolution or pooling layers to
the classification or regression output. the size of input and
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output feature maps, as well as the number of input and
output neurons, are considered independent variables for the
regression model. The handling of the argmax and softmax
layer is similar.

Pooling layer. Pooling type and the size of the input and
output feature maps are used as input variables.

Activation layer. There is a one-to-one mapping between
the input and output, using the activation function type, the
number of output neurons, and the size of feature maps
as input variables. The handling of the batchnormalization
layer is similar.

Embedding layer. The longer the length of the input data,
the more computationally intensive the Embedding layer is.
In this paper, the length of the input data, the Embedding
dimension, and the vocabulary size of the Embedding layer
are used as input variables.

RNN layer. The RNN Layer offers the flexibility to employ
diverse types of recurrent cell architectures, including simple
recurrent neural network (SimpleRNN) [37], LSTM, and
GRU. These various cell types exhibit distinct parameter
configurations, consequently leading to varying computational
loads. Notably, the LSTM layer incurs a higher computational
burden compared to the SimpleRNN layer. In this study, the
input shape, dimensions of the hidden state, and the specific
recurrent kernel type are adopted as input variables.

We use this approach to implement a performance predic-
tion model for each layer that can generate a platform for
analyzing the execution time of each layer of the network
for a set of devices (browser WebGPU and server), then the
execution time of each layer can be predicted without running
the model. It is also shown that new models can be supported
as well as different kinds of model inputs.

4.2 Dynamic Al model partitioning

Utilizing the layer performance prediction models, WebInf
dynamically selects the best AI model partition points, as
described in Algorithm 1.

Analysis of the model. In lines 10-11 of the algorithm,
WeblInf obtains the model’s constituent layers L; and utilizes
the regressions model to estimate the execution time of each
layer on browser WebGPU T'B; and on the server T'S;. Line
12 calculates the wireless data transfer latency 7'D; based on
the latest wireless network bandwidth.

Partition point selection. Line 13 calculates the total time
to send the raw data to the server for inference. In Lines 14-
15, Weblnf predicts the total inference time for the model
based on the partition after each layer, and also calculates
the minimum time, and uses it as the best possible partition
location. The two times are compared and the shorter time
is chosen as the best cut position. Because of the simplicity
of the regression models, the Weblnf scheduling algorithm is
lightweight and efficient.

4.3 WebGPU-based collaborative execution

We built a prototype of Weblnf by creating tensorflow.js
(TFJS) instances as the foundational infrastructure for both

2503

Algorithm 1 WeblInf partitioning algorithm

: Input:
: Data: Original Input Data
: Lji—o0,1,...,.—1: Number of layers in the model
: Dji—o0,1,..,1—1: Data size at each layer
f(L;): Performance prediction models predicting
the latency of executing L;
: W: Latest network transmission rate
: K: Latest local load levevl
: Procedure:
foriin0...L —1 do
TB@ — .fbrowser(Lia K)
TSz < fserver (LL)
TD; < D / w

Lserver= Z TS; + Data/W

0 3 O\

11:
12:

13:

14: z TSy +TD;)

J
tpa'rtition mln ( Z B +
= —+i=0 k j j+1

MQ

15: B; + Z TSy +TD;)

k=j+1

indexr = arg mm(
t=0..

16:
17:

18:
19:

if tserver < tpartition then

Cloud processing: return —1
else
Collaborative processing: return index

the browser and server-side components. We implemented
a client-server interface using Websockets, a transmission
control protocol (TCP) network protocol that enables bidi-
rectional communication between the browser and server. To
enable dynamic selection of partition points, the Al model
has been loaded on both the browser and server. When the
network transmission speed and local load change, lines 10
and 12 of the algorithm will adjust the location of the model
partition point according to the latest network transmission
speed and load level. Components in the browser and server
select partition points at runtime. This approach allows for
flexibility in adapting the optimal partitioning strategy based
on specific requirements and constraints of the execution
environment. The partition location is determined by the
browser, which sends the output of the partition location from
the browser to the server. Subsequently, the server executes
the remaining layers. The final result is then sent back from
the server to the browser. It’s worth noting that the model
precisely includes one partition point, which spans from the
browser to the server.

5. EVALUATION

We evaluate Weblnf using WiFi, and 4G wireless con-
nections with two GPU backends (Integrated graphics: In-
ter(R) UHD Graphics 730, Discrete graphics: NVIDIA GTX
1650ti). We demonstrate that Weblnf achieves significant
end-to-end latency improvements compared to approaches
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TABLE 2: Benchmark specifications

APP Network Input Layers
cv MobilenetV2 Image 156
ResNet50 Image 177
NLP Trivial expert Word vectors 5
ASR | Speech commandsV2 | Speech commands 17
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Fig. 8: Weblnf’s prediction partition points with WiFi on
integrated graphics.

that exclusively utilize cloud computing or solely process
within the browser. We also assess the robustness of WebInf
to changes in wireless network connectivity under different
configurations, substantiating the necessity for dynamic real-
time partitioning.

5.1 Weblnf’s prediction partition points with WiFi on inte-
grated graphics.

We use four models in Table 2 to verify the accuracy of
Weblnf’s predictions with WiFi on integrated graphics. Fig. 8
shows the comparison between the predicted partition points
of WebInf and the actual measured end-to-end delay. Each
bar of Fig. 8 represents the end-to-end latency of the model
when choosing different partition points. The blue arrow is
the optimal partition points predicted by WeblInf. We find
that when the network transmission is WiFi, Weblnf selects
the optimal partition point that aligns with the empirically
measured shortest end-to-end latency point.

In Fig. 9, the transmission latency dominates the end-to-
end delay of the CV model, and it is orders of magnitude
larger than the layer latency. We observed that although the
latency at the partition point is not the smallest compared
to the average latencies before and after, the data output at
the partition point is very small. This finding aligns with the
Weblnf prediction in Fig. 8, where the transmission time at the
optimal partition point for the CV model is relatively small
compared to other partition points. In Fig. 9, for the NLP
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Fig. 9: Comparing execution time and output data size at
partition point with average execution time and output data
size before and after the partition point.

and ASR models, due to the very small model inputs and the
relatively large execution time of RNN layers, inferring the
models on the server is the optimal choice. This observation
also corresponds to the results of the optimal partition point
predicted by Weblnf in Fig. 8. This phenomenon is consistent
with the key observations from our analysis in Sec. 3.

5.2 Inference improvement

Partition point selection. Table 3 summarizes the partition
point choices for latency optimization across 32 configura-
tions (including seven models, two wireless network types,
and two GPU backends) as facilitated by the Neurosurgeon
[33]. Across all model and configuration permutations, We-
bInf consistently selects the optimal inference time.

Latency improvement. Fig. 10 illustrates the latency im-
provements of Weblnf relative to current methods across
seven benchmarks on WiFi and 4G. Fig. 10(a) depicts the
latency improvement when applying WebInf on integrated
graphics, while Fig. 10(b) displays the latency improvement
when applying Weblnf on discrete graphics. For CV appli-
cations, Weblnf has achieved significant latency acceleration,
especially when configured with higher-end GPUs. For NLP
applications, WeblInf can achieve significant latency reduction
when WiFi is available. In the case of ASR, Weblnf success-
fully identifies that the best approach is to perform the model
entirely on the server. Across all validated configurations,
Weblnf’s chosen inference modes result in time savings of
up to 30% on the cloud server and 52% in the browser, with
peak improvements of 33% and 69%, respectively.

5.3 Local load level and bandwidth variance

We assess the impact of local workload variations on
Weblnf. In Fig. 11(a), as the local workload levels increase,
executing all layers of the model in the server becomes the
optimal choice. In Fig. 11(b), the top black line represents
fluctuations in wireless bandwidth over a period of time. The
bottom line displays end-to-end latency for both cloud-only
processing and Weblnf. Independent cloud-onle processing
is susceptible to network variations, leading to a significant
increase in latency during low-bandwidth phases. In contrast,
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TABLE 3: Weblnf’s prediction partition points for best end-to-end latency.
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Fig. 10: Latency speedup achieved by WebInf normalized to
status quo approach.
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Fig. 11: The impact of local workload variations and network
fluctuations on Weblnf.

Weblnf successfully mitigates the impact of network fluctua-
tions by adapting its partitioning choices and adjusting data
transfer volumes based on available bandwidth.

5.4 Comparing Weblnf to Neurosurgeon

We employ Neurosurgeon [33] and WeblInf for hierarchical
performance prediction of VGG. We aggregate predicted
latency by layer categories for comparison with actual latency.
Fig. 12(a) illustrates that Weblnf’s predicted times are closer
to the actual times. Fig. 12(b) displays the average error
rates for several layers on the test model. Neurosurgeon’s
regression prediction model is relatively simple and has fewer
input variables, leading to larger prediction errors. We have
enhanced the regression prediction model with additional
input variables and categories, and the results demonstrate
that Weblnf exhibits smaller prediction errors.

6. RELATED WORK

Deep learning in browser. In addition to the work on the
utilization and efficiency of data center systems [18]-[20],
[22]-[25], various algorithm optimization techniques have
been proposed. For instance, neural network compression
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Fig. 12: Comparing Weblnf to Neurosurgeon.

methods [26], [28] prune large-scale neural network models
into smaller ones with lower computational demands, effec-
tively enabling deployment on edge devices. Furthermore, to
enhance cloud computing capabilities, a variety of accelera-
tors such as GPUs, ASICs, and FPGAs have been introduced
for data centers [30], [32]. However, these techniques are
unlikely to address the direct needs of all existing browser
platforms, particularly the challenge of accurate and efficient
model inference.

Computation offloading. Transmission latency is one of
the most significant factors affecting computation offloading
and a core metric for evaluating network quality of ser-
vice [38]. Various algorithms have been proposed to optimize
the application performance via computation offloading [15],
[21], [27], [31]. Kang et al [33] has devised a system
named Neurosurgeon, which automatically divides models
between mobile devices and the server at the granularity of
neural network layers. In this paper, we use the collaborative
approach to design Weblnf.

7. CONCLUSION

In this paper, we investigate the current methods involving
cloud-only processing and browser-only processing. We find
that transferring input data to server or executing neural
network models in browser may not always be optimal. We
investigate the computation and data characteristics of seven
models including CV, NLP, and ASR. We provide a balance
between partitioning computation at distinct points in neural
networks. Building upon these findings, we design Weblnf, a
system capable of automatically partitioning models between
browser and server at the granularity of neural network layers.
Weblnf adapts to various neural network architectures, hard-
ware platforms, and wireless connections, selecting optimal
partitioning points for minimal latency. Across seven bench-
mark tests, Weblnf’s inference time improvements of 30%
compared to individual server execution and 52% compared
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to browser execution, reaching peak enhancements of 33%
and 69% respectively. In future work, we will discuss how to
deploy large language models in browsers via WebGPU for
joint training and inference of large models.
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