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Abstract Deep learning technique is drawing more and
more attention to Web developers. A lot of Web apps per-
form inference of deep neural network (DNN) models within
Web browsers to provide intelligent services for their users.
Typically, GPU acceleration is required during DNN infer-
ence, especially on end devices. However, it has been re-
vealed that GPU acceleration in Web browsers has an un-
acceptably long warm-up time, harming the quality of ser-
vice (QoS) of DNN inference in Web apps. In this paper,
we first analyze the reason for the long warm-up time, and
find out that compiling the WebGL programs of DNN infer-
ence into binaries is the key bottleneck. Then we propose
WPIA, an approach which enables Web apps to load bina-
ries of precompiled WebGL programs rather than compiling
on the fly, accelerating the DNN warm-up in Web browsers.
WPIA consists of two phases. In the offline phase, WPIA col-
lects the binaries of compiled WebGL programs, and merges
similar WebGL programs to trim the size of the binaries as
well as reduce the overhead of fetching and loading the bi-
naries. In the online phase, WPIA loads the binaries into the
users’ Web browsers, using the record-and-replay technique
to ensure the correctness of executing precompiled WebGL
programs. Evaluation results show that WPIA can reduce
84.1% of the DNN warm-up time on average and 95.3% at
maximum, accelerating DNN warm-up to an order of magni-
tude faster, with negligible additional overhead.

Keywords DNN warm-up, WebGL programs, precompil-
ing

1 Introduction

With the advent of artificial intelligence, it is becoming in-
creasingly common to leverage deep learning technologies to
provide intelligent services in Web apps [1] [2]. Tradition-
ally, Web apps perform deep neural network (DNN) infer-
ences at cloud servers. With the increasing demand for real-
time responses and privacy protection, an increasing number
of Web apps have shifted DNN inferences to Web browsers.
Compared with traditional approaches where DNN runs at
cloud servers, DNN inference in Web browsers avoids server
connections, boosting the responsiveness and enhancing user
privacy of Web apps. DNN inference in Web browsers has
been adopted by Web apps in a variety of fields, including
Web conferencing (e.g., Google Meet [3] [1] and Amazon
Chime [4] [2]), video chatting (e.g., Snapchat [5]) and graph-
ics editing (e.g., Adobe Photoshop [6] [7]). Recently, large-
scale models such as stable diffusion models [8] and large
language models (LLM) [9] have also been ported to Web
browsers.

Many efforts have been made to accelerate DNN model
inference in Web browsers. On the one hand, GPU-related
APIs such as WebGL [10] and experimental WebGPU [11]
have been introduced into Web browsers. These APIs make
it possible to execute heavy computing tasks for Web apps
with GPU acceleration. On the other hand, DNN frame-
works such as TensorFlow.js [12], ONNX Runtime Web [13]
and WebDNN [14] have emerged. Almost all these DNN
frameworks provide a WebGL backend, which leverages the
WebGL APIs to implement GPU acceleration for DNN infer-
ence. These frameworks help Web apps perform DNN infer-
ence within Web browsers conveniently.

However, although using GPU for DNN inference has
been shown to have better performance than using pure CPU
backend [15] [16], our prior work has discovered that DNN
inference on WebGL has an unacceptably long warm-up time
[15]. Here DNN warm-up refers to the first inference after
the DNN model is fully downloaded, where necessary prepa-
ration steps for DNN inference on WebGL take place. Since
Web users, on average, spend less than a minute on a Web
app [17], the loading time in Web apps is crucial to their user
experience [18] [19]. The long warm-up time prevents Web
apps from serving their users as soon as possible, which neg-
atively impacts the quality of service (QoS) of Web apps [20].

To address the issue, in this paper, we analyze the rea-
son for the long DNN warm-up time in Web browsers and
find that compiling the WebGL programs used in DNN in-
ference into binaries takes most of the time. To reduce the
compiling time, we propose WPIA (WebGL Program Im-
mediately Available), an approach which analyzes and pre-
compiles WebGL programs into binaries at the server side
to accelerate DNN warm-up in Web browsers. WPIA con-
sists of an offline phase and an online phase. In the of-
fline phase, WPIA analyzes and precompiles the WebGL pro-
grams needed in DNN inference at the server side. In the
online phase, WPIA loads the binaries and arranges the exe-
cution of WebGL programs. The design of WPIA tackles two
challenges in implementing the idea of precompilation. First,
downloading binaries brings additional overhead to both time
and bandwidth consumption in DNN warm-up. WPIA re-
duces the overhead by eliminating the shared code through
program analysis. Second, precompiling changes the way
of WebGL compilation from just-in-time into ahead-of-time,
which raises problems in execution of WebGL programs in
DNN inference. WPIA tackles this challenge by record-and-
replay, which records the execution order of WebGL pro-
grams in the offline phase and replays it in the online phase.
WPIA’s record-and-replay supports both DNN warm-up and
later DNN inference.

We implement a prototype of WPIA based on two open-
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source projects: Chromium [21] and TensorFlow.js [12]. We
pierce through the entire GPU software stack of Chromium
and expose necessary APIs for WPIA to load binaries of com-
piled WebGL programs. Based on the prototype, we evaluate
the performance and overhead of WPIA on different devices
and DNN models. The results show that WPIA can reduce
84.1% of total DNN warm-up time on average and 95.3%
maximally, which is one order of magnitude faster, with only
negligible overhead in loading precompiled programs.

In summary, we make the following main contributions in
this paper:

• We investigate the reason for the long DNN model
warm-up time in Web apps and find that compiling
WebGL programs into binaries takes most of the time.
• We propose WPIA, an approach which reduces the DNN

warm-up time in Web apps by precompiling WebGL
programs offline.
• We evaluate WPIA, and results show that WPIA can

effectively reduce the DNN warm-up time in Web
browsers with negligible overhead.

The rest of this paper is organized as follows. Section 2
introduces the background and motivation of this paper. Sec-
tion 3 elaborates on the design of WPIA. Section 4 presents
the prototype implementation of WPIA. Section 5 analyzes
the evaluation results of WPIA. Section 6 discusses some
possible issues when deploying WPIA in practice. Section
7 summarizes related work, and Section 8 concludes this pa-
per.

2 Background and Motivation

In this section, we will briefly introduce GPU support in Web
browsers and DNN inference in Web apps. We will then re-
veal the bottleneck of DNN warm-up in Web browsers.

2.1 GPU support in Web Browsers

Modern Web browsers provide the WebGL APIs [10] to sup-
port GPU acceleration for Web apps. With WebGL APIs,
Web apps can submit graphics computing tasks to the lo-
cal GPU, significantly reducing the rendering latency. Each
WebGL context is associated with an HTML Canvas element
[22]. For a WebGL context, the WebGL calls are executed se-
quentially one by one. No two WebGL calls will be executed
in parallel or concurrently. This design follows the principle
of OpenGL ES APIs, from which WebGL APIs are derived.
The sequential execution model of WebGL APIs guarantees
a synchronous execution environment for Web apps, in ac-
cordance with the main programming language, the single-
threaded JavaScript [23].

Web apps customize the rendering behavior using WebGL
shaders. A WebGL shader is a snippet of code composed
by a Web app and defines some rendering computation on
a local GPU. WebGL shaders are written in a C-like lan-
guage called Graphics Library Shader Language (GLSL). All
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Fig. 1: The GPU stack in Chrome

WebGL shaders needed by a whole rendering pipeline form a
WebGL program. Before execution, a WebGL program must
be compiled and linked into a binary, which is then sent to the
GPU and executed by it. The WebGL specification does not
standardize the format of the binary, and the format is entirely
dependent on the models of GPU devices.

Web browsers implement the WebGL APIs for Web apps
based on the native GPU support of the underlying operat-
ing systems. As an example, the GPU stack of Chromium is
shown in Figure 1. Chromium adopts a multi-process archi-
tecture to implement WebGL support. The WebGL frontend
in a renderer process receives calls from Web apps and sends
the calls to the WebGL backend in the GPU process through
inter-process communication (IPC). Although WebGL calls
can be trivially converted into OpenGL calls, in practice, be-
cause of performance concerns of OpenGL, mainstream Web
browsers use the ANGLE project [24] to translate WebGL
into modern GPU APIs such as Vulkan, Direct3D and Metal
on different operating systems. Therefore, WebGL calls from
Web apps are converted into calls to native GPU APIs and
then handed over to the operating systems. Finally, GPU
drivers in the OSs interpret the calls and control the GPU
hardware to execute the GPU tasks. Execution results ob-
tained from native GPU APIs are wrapped by Web browsers
and returned to Web apps.

2.2 DNN Inference in Web Apps

DNN inference is the process of computing the outputs of a
DNN model given its inputs. A DNN model consists of a
computational graph and the model weights. The computa-
tional graph is a directed graph that represents the computa-
tional steps that the DNN model performs. It is made up of
DNN operators (Ops), which are the basic building blocks of
the graph. Each operator performs a specific computation,
taking some tensors as inputs and generating some tensors as
outputs. When a DNN model is used for inference, the input
data is passed to the computational graph. The graph then
performs the computations specified by the operators, using
the model weights to configure the computations. The out-
puts of the graph are the predictions of the DNN model.

GPU acceleration is often required to perform DNN infer-
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ence in users’ devices [25] [26]. DNN frameworks leverage
the WebGL APIs in Web browsers to implement GPU accel-
eration. We call an inference engine based on the WebGL
APIs as the WebGL backend. A WebGL backend stores ten-
sors as WebGL textures and implements the computation of
operators as WebGL programs.

A DNN framework breaks down a DNN inference task
into executing a sequence of DNN operators based on the
structure of the given DNN model. A WebGL backend in the
framework handles the execution of DNN operators. Before
executing a DNN operator, the WebGL backend composes
the source code of the needed WebGL programs and com-
piles them into binaries on the fly. If necessary, the WebGL
backend then uploads the operator’s inputs to the GPU. Fi-
nally, the WebGL backend executes the binaries of compiled
WebGL programs on the uploaded input data, which finishes
the computation of a DNN operator.

2.3 DNN Warm-up in Web browsers

After downloading a DNN model, Web app should execute
DNN inference for once to make the WebGL backend well
prepared for later inference. In this paper, we denote the pe-
riod between the time when the DNN models are fully down-
loaded and the time when the first model inference completes
as DNN warm-up, and denote the time elapsed between DNN
warm-up as DNN warm-up time.

Our prior study [15] has revealed that DNN inference in
Web browsers has a long warm-up time. Based on our prior
work, we take a step further and analyze the reason behind
this phenomenon. We find out that this phenomenon is caused
by two main tasks that take place during the warm-up:

1. Compiling WebGL programs used in DNN inference
into binaries;

2. Executing computation of DNN inference.

We measure the time that these tasks take up in the DNN
warm-up in different situations. Specifically, we conduct ex-
periments on a Hasee laptop with Windows 10, with two dif-
ferent DNN frameworks: TensorFlow.js [12] and WebDNN
[14]. TensorFlow.js is released by Google, and it can sup-
port a diverse spectrum of deep learning tasks and DNN mod-
els. Researchers at Tokyo University develop WebDNN, and
they claim [27] that WebDNN is the fastest DNN execution
framework on Web browsers. We believe these two frame-
works can represent current best practices in industrial and
research communities, respectively. We use six DNN models:
GoogleNet [28] (#1), MobileNetV1 [29] (#2), MobileNetV2
[30] (#3), SqueezeNet [31] (#4), DenseNet [32] (#5), and
EfficientNetV2 [33] (#6). Since TensorFlow.js and WebDNN
accept DNN models in different formats, to ensure the con-
sistency of DNN inference tasks, we implement the models
in the Keras format and then convert the models into different
formats. In each environment, we perform a DNN warm-up
and measure the time it takes to execute each type of the pre-
ceding tasks. WebDNN fails to execute models #2, #3, and
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Fig. 2: Analysis of the long DNN warm-up time

#6 due to lack of implementation of some DNN operators in
WebGL. We repeat each experiment three times and present
the average results in Figure 2.

Figure 2 shows that compiling WebGL programs into bi-
naries takes most of the DNN warm-up time. For Tensor-
Flow.js, it can take tens of seconds for the WebGL back-
end to compile the WebGL programs for most DNN models,
whereas the DNN inference usually takes less than 0.3 sec-
onds. Surprisingly, compiling WebGL programs takes more
than 95% of the time in the DNN warm-up for all DNN mod-
els on TensorFlow.js. For WebDNN, compiling WebGL pro-
grams takes less time than TensorFlow.js, but it can still take
several seconds, or more than 50% of the DNN warm-up
time.

From the results, we know that reducing the time spent
compiling WebGL programs into binaries is critical to effec-
tively accelerating DNN warm-up in Web browsers. There-
fore, We propose WPIA, an approach which precompiles the
WebGL programs at remote servers to avoid compiling them
on the fly during DNN warm-up.

3 Design

This section will introduce the design of WPIA. We will first
provide an overview of our approach, then discuss the design
challenges, and finally present the design details.

3.1 Overview

Figure 3 shows the overview of WPIA, which consists of two
phases: an offline phase at the server side and an online phase
at the Web browser side.

In the offline phase, WPIA collects the binaries of the
WebGL programs used in DNN inference. Given a DNN
model, WPIA collects necessary information on the WebGL
programs that are compiled during the DNN warm-up by
performing a DNN inference. During the inference, WPIA
records the source code and the execution order of WebGL
programs (Section 3.4). After the DNN inference finishes,
WPIA merges all WebGL programs (Section 3.3) used in the
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Fig. 3: Overview of WPIA

inference. Finally, WPIA compiles the WebGL programs into
binaries (Section 3.2) and saves the binaries at the local stor-
age.

The online phase begins when a user visits the Web app.
WPIA first fetches the binaries of precompiled WebGL pro-
grams from the Web server and then loads the binaries into
the Web browser. During warm-up, WPIA replays the execu-
tion order of WebGL programs recorded in the offline phase
(Section 3.4). No WebGL programs are generated or com-
piled on-the-fly during the DNN inference. Therefore, WPIA
avoids compiling WebGL programs into binaries and greatly
reduces the DNN warm-up time in Web browsers.
Challenges. The design of WPIA faces two challenges.

1. Reducing the overhead of loading precompiled bi-
naries. WPIA needs to fetch the binaries of precompiled
WebGL programs and load them into Web browsers. This
process can add overhead during DNN warm-up, so WPIA
must find ways to reduce the size of the binaries.

2. Arranging execution of WebGL programs during
DNN inference. WPIA changes the just-in-time compila-
tion of WebGL programs to ahead-of-time compilation. This
raises challenges in arranging the execution of perecompiled
WebGL programs in DNN inference.

Next, we will describe WPIA in detail, including how it
handles the challenges of reducing the total size of the bina-
ries and selecting the correct binary during DNN inference.

3.2 Precompiling WebGL Programs

In the offline phase, WPIA performs WebGL program pre-
compiling on the server side. First, WPIA simulates a client-
side inference of the given DNN model at the server. During
the inference, WPIA collects the source code of all WebGL
programs generated by the WebGL backend. Then WPIA
precompiles the source code and obtains the binaries of these
WebGL programs. These binaries are saved in local storage
and will later be delivered to users’ Web browsers in the on-
line phase.

The way WPIA precompiles WebGL programs is consis-
tent with Web browsers. Generally, Web browsers convert
WebGL programs into OpenGL programs and compile them
using OpenGL libraries. WPIA compiles WebGL programs
using the OpenGL libraries in the same way as Web browsers
do, ensuring that the program binaries can work correctly
when loaded into users’ Web browsers.

GPU vendors specify the formats of WebGL program bi-
naries and generally do not disclose the formats to the pub-
lic, which means that the same WebGL program can have
different compiling results on different devices. To enable
WebGL program precompiling for more users, we should
compile the programs on various devices on the server side.
This approach is commonly used in research that optimizes
client-side DNN inference [34]. In the online phase, WPIA
first checks the GPU vendor of the user devices and fetches
the corresponding precompiled WebGL programs from the
servers.

3.3 Merging WebGL Programs

Loading precompiled WebGL programs from WPIA reduces
DNN warm-up time but also introduces additional overhead
in downloading the binaries. The larger the binaries, the
more time and network bandwidth will be consumed by Web
browsers.

We study the WebGL programs used during DNN infer-
ence and find that a large proportion of the source code is
duplicated between different WebGL programs. To unveil
the reason for code duplication among WebGL programs, we
collect all 69 WebGL programs used to infer a DNN model
named Iris. Iris is the most downloaded DNN model on
TFHub [35], which is the official website of Google for pub-
lishing DNN models. Figure 4a briefly summarizes two pro-
grams used in the inference of Iris. These two programs both
implement matrix multiplication with WebGL, whereas they
accept different sizes of matrices as their inputs. We compare
the source code of these two programs. We find that they



5

#version 300 es

float random(float seed){

⋯

vec2 uvFromFlat(int texNumR, int texNumC, int index){

void setOutput(vec4 val){

uniform sampler2D matrixA;

uniform int offsetbias;

ivec3 getOutputCoords(){

vec4 getBiasAtOutCoords(){

vec4 activation(vec4 x){

⋯

⋯

⋯

vec4 getMatrixA(int row, int col){

⋯

void main(){

1
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Source code summary of matrix multiplication in WebGL

common math functions

encoding and decoding textures

uniform variables

locating elements in matrics

calculation of matrix multiplication

(a) Function list of the two programs. Identical functions are marked
in green and others (only the function getOutputCoords() and
getMatrixA()) are marked in red.

ivec3 getOutputCoords() {

ivec2 resTexRC = ivec2(resultUV.yx * 

vec2(2, 64));

int index = resTexRC.x * 64 +

resTexRC.y;

int b = index / 128;

index -= b * 128;

int r = 2 * (index / 64);

int c = imod(index, 64) * 2;

return ivec3(b, r, c);

}

vec4 getMatrixA(int row, int col) {

vec2 uv = (vec2(col, row) + halfCR) / 

vec2(64.0, 4.0);

return texture(matrixA, uv);

}

ivec3 getOutputCoords() {

ivec2 resTexRC = ivec2(resultUV.yx * 

vec2(32, 64));

int index = resTexRC.x * 64 +

resTexRC.y;

int b = index / 2048;

index -= b * 2048;

int r = 2 * (index / 64);

int c = imod(index, 64) * 2;

return ivec3(b, r, c);

}

vec4 getMatrixA(int row, int col) {

vec2 uv = (vec2(col, row) + halfCR) / 

vec2(64.0, 64.0);

return texture(matrixA, uv);

}

(b) Source code of getOutputCoords() and getMatrixA(). Code
differ between the two programs is marked in red.

Fig. 4: Comparison of two programs in DNN inference

uniform int x;

int foo(){ return x; }

vec4 bar(){

return vec4(1,0,0,1);

}

void main(){

foo();

gl_FragColor = bar();

}

uniform int x;

int foo(){ return x; }

vec4 bar1(){

return vec4(1,0,0,1);

}

vec4 bar2(){

return vec4(0,1,0,1);

}

void main1(){

foo();

gl_FragColor = bar1();

}

void main2(){

foo();

gl_FragColor = bar2();

}

uniform int mainId;

void main(){

switch (mainId){

case 1: main1(); break;

case 2: main2(); break;

}

}

uniform int x;

int foo(){ return x; }

vec4 bar(){ 

return vec4(0,1,0,1);

}

void main(){

foo();

gl_FragColor = bar();

}

uniform variable

function

entry function

Fig. 5: Merging of two WebGL programs

both have 27 functions and 238 lines of code. Among them,
25 functions (92.5%) and 234 (98.3%) lines of source code
are duplicated. Only two functions are different between the
two programs, and the differences between these two func-
tions lie only in some constant numbers, as shown in Figure
4b. The duplicated code includes helper functions for com-
mon math operations, encoding and decoding textures, and
locating elements in matrices. Because WebGL programs
are standalone and cannot be linked with or call other pro-
grams, DNN frameworks must include these helper functions
in source code of all WebGL programs, leading to serious
code duplication.

WPIA removes duplicated code by program merging, in
which WPIA merges similar WebGL programs and keeps
only one copy of the duplicated code in the merged WebGL
program.

Diving into the structure of WebGL programs used in
DNN inference, we find that these WebGL programs can be
divided into the following code snippets: uniform variables,
functions, global variables, and an entry function. There-
fore, WPIA expresses a WebGL program as a quadruple
P = (U, F,V, e), where U, F, V , e corresponds to the set
of uniform variables, the set of functions, the set of global
variables, and the entry function, respectively. Before WPIA
merges WebGL programs, it first analyzes the source code
and extracts U, F, V , e. WPIA then merges these code snip-
pets one by one.

• Extracting uniform variables.

WebGL programs declare special global variables called
uniform variables to receive inputs from JavaScript code.
Uniform variables are fed with values by JavaScript code and
act as global variables in WebGL programs.

We study the characteristics of uniform variables in
WebGL programs for DNN inference and find that the num-
ber of uniform variables is highly related to the number of
inputs that DNN operators need. For example, an activation
operator such as Sigmoid and ReLu accepts one matrix as
its input, so the WebGL program for the operator tends to
have one corresponding uniform variable. Programs for bi-
nary operators, such as element-wise addition, have two cor-
responding uniform variables for the two input matrices. If
two DNN operators accept the same number of inputs, their
WebGL programs tend to have the same set of uniform vari-
ables. Based on this finding, WPIA categorizes WebGL pro-
grams according to their set of uniform variables. WebGL
programs that have the same set of uniform variables are cat-
egorized into the same group. The programs in a group are
then merged into a single WebGL program. WPIA’s uniform-
based categorization of WebGL programs greatly reduced the
number of programs after merging while maintaining the run-
time correctness of the programs.

• Merging functions and global variables.

Merging functions and variables are the kernel of WPIA’s
merging of WebGL programs. Figure 5 briefly illustrates how
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Table 1: Properties used in program merging of WPIA

Property Description Example
f .name Function name func
f .sig Function signature int func(int)
f .body Function body {return 0;}
v.name Global variable name var
v.sig Global variable signature int var

Algorithm 1 Merging two WebGL programs

Require: P = (U,V, F, e), P′ = (U,V ′, F′, e′)
1: V← ϕ; F← ϕ
2: for v ∈ V ∪ V ′ do
3: if ∃v̄ ∈ V, s.t. v.sig = v̄.sig then
4: v.name← v̄.name; continue;
5: end if
6: V← V ∪ {v}; v.name← newUniqueName()
7: end for
8: for f ∈ F ∪ F′ do
9: f .body← mapNameToNewNames( f .body)

10: if ∃ f̄ ∈ F, s.t. f .sig = f̄ .sig ∧ f .body = f̄ .body then
11: f .name← f̄ .name; continue;
12: end if
13: F← F ∪ { f }; f .name← newUniqueName()
14: end for
15: Ū ← U∪{mainId}; ē← genEntryFunction()
16: return (Ū,V,F, ē)

WPIA merges two WebGL programs. Let us denote a global
variable as v and a WebGL function as f . The properties of v
and f needed by WPIA in merging are listed in Table 1.

Algorithm 1 describes WPIA’s merging algorithm. From
Line 1 ∼ 7, the pseudocode shows how WPIA merges global
variables from different programs. WPIA checks whether a
variable is declared in the other program one by one (Line 2).
For some variable v, if a variable v̄ with the same signature
is found (Line 3), i.e., there is another variable with the same
name and type in other programs, the two variables will be
merged (Line 4); otherwise, the variable v will be assigned
with a unique name (Line 6). The merging of functions (Line
8 ∼ 14) in WPIA adopts a similar approach, with an addi-
tional step of mapping global variables used in the functions
into their new names. WPIA merges WebGL functions based
on their function signatures and bodies. For any global vari-
ables and other functions that are referred to in the body of
a function f , WPIA changes their names to the new names
assigned by WPIA during merging (Line 9). This step avoids
potential conflicts of function calling. As we can see in Fig-
ure 5, the two main() functions from the two programs are
completely identical in their code, but they have different be-
haviour and should not be merged together. WPIA iterates
over functions following their topological orders in the func-
tion call graph. If two functions with the same signatures
have the same function body (Line 10), it means that these
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Fig. 6: Execution of WebGL programs in DNN inference.

two functions are identical, so WPIA only keeps one copy of
the function (Line 11); otherwise, WPIA assign a new name
to the function (Line 13). We can see that WPIA’s merg-
ing of WebGL programs adopts a simple code clone detec-
tion [36] [37] algorithm in it. The simple detection is ef-
fective in detecting the code clone against generated WebGL
programs in DNN inference while guaranteeing the sound-
ness and correctness of program merging.

• Generating the entry function.

After WPIA merges several WebGL programs, the origi-
nal entry functions main() will be assigned with different
function IDs, losing the identities of entry functions. WPIA
then generates a new main() entry function as well as a
uniform variable named mainId (Line 15 in Algorithm 1).
If WPIA needs to execute an original WebGL program from
a merged WebGL program, WPIA will pass the correspond-
ing function ID to the mainId uniform variable. The new
main() function will call the correct original entry function
according to the mainId.

WPIA’s merging algorithm resolves potential name con-
flicts between different WebGL programs, which ensures that
WPIA can execute the merged WebGL programs coherently
and correctly.

3.4 Executing Precompiled WebGL Programs

Precompiling in WPIA reduces the compiling time but also
raises new problems in executing DNN inference. Origi-
nally, WebGL programs are generated and compiled just-
in-time during DNN inference. Since WPIA precompiles
and directly loads the WebGL programs into Web browsers,
WPIA needs to correctly arrange the execution of precom-
piled WebGL programs with the execution of DNN operators.

WPIA uses a record-and-replay technique to tackle this
problem. Because of the single-threaded nature of JavaScript
and WebGL, it is possible to record the order in the offline
phase and replay it in the online phase.

By studying the execution of WebGL programs in DNN
inference, we find that the WebGL programs have two dif-
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ferent kinds of functionalities. We illustrate the execution
of WebGL programs in DNN inference in Figure 6. From
Figure 6, we can see that WebGL programs in the DNN
inference can be classified into two categories: Parameter-
Oriented (PO) WebGL programs and Calculation-Oriented
(CO) WebGL programs. PO programs are applied to the pa-
rameters (weights) of the DNN model, while CO programs
are fed with DNN inputs or intermediate results. For exam-
ple, WebGL programs that encode parameter matrices into
WebGL textures are typical PO programs. During the DNN
warm-up, all PO programs and CO programs will be exe-
cuted. But during later DNN inference, only CO programs
will be executed again on new DNN inputs because the ex-
ecution results of PO programs are consistent and can be
reused.

According to the different usage of PO and CO programs,
WPIA uses separate approaches to handle these two kinds of
WebGL programs in record-and-replay. In the offline phase,
WPIA records the execution order of WebGL programs in the
DNN warm-up. The recorded execution sequence includes
all CO programs and PO programs. Then, WPIA performs
the DNN inference for the second time. The second execution
sequence only includes all CO programs. In the online phase,
during the DNN warm-up, WPIA replays the first recorded
execution list. In later DNN inference, WPIA replays the
second recorded execution list.

4 Implementation

We implement a prototype of WPIA based on several large
open-source projects. Our prototype consists of an instru-
mented Web browser and a modified DNN framework on
Web platforms.

The instrumented Web browser is implemented based on
a modern Web browser, Chromium 99.0.4795.1 [21]. We
pierce through the GPU software stack in Chromium, provid-
ing APIs to extract the binary of a compiled WebGL program
from the Web browser and load the binary into the browser.

In the offline phase, we use TensorFlow.js 3.15.0 [12]
(TF.js) to collect the information about WebGL programs in
DNN inference. We make several modifications to TF.js ac-
cording to our requirements. We add a new API in TF.js to
expose WebGL programs used in the DNN inference. We
also make the WebGL backend in the modified TF.js able to
record the execution list of WebGL programs. Instead of us-
ing lexical parsers [38], we manually annotate the code tem-
plates in TF.js to help the toolkit to analyze the source code
of WebGL programs.

In the online phase, the WPIA JS library is also imple-
mented based on TensorFlow.js 3.15.0. We modify TF.js to
use binaries of precompiled programs in the DNN inference
instead of composing and compiling WebGL programs into
binaries on the fly. Before the DNN warm-up, the WPIA JS
library fetches the precompiled binaries of WebGL programs
and loads them into the browser. During the DNN inference,

the modified TF.js can handle the merged WebGL programs
and correctly set the mainId uniform variable before exe-
cuting a WebGL program. We also add the replaying func-
tionality to the WebGL backend in the modified TF.js.

We have carefully checked the correctness of our proto-
type implementation. We verified the consistency between
the inference results of the vanilla TF.js framework and
WPIA under various DNN models and DNN inputs.

5 Evaluation

In this section, we will describe the evaluation experiments
and measure the performance and overhead of WPIA.

5.1 Evaluation Setup

We comprehensively evaluate the performance of WPIA. The
experiments are carried out on four devices and six DNN
models. The details of the experiments are described as fol-
lows.

Devices. We use four devices in the experiments, includ-
ing two laptops and two mobile phones. The devices in ex-
periments can be viewed in Table 2. We use the Pixel 3 to
represent high-end mobile phones and the Redmi Note 8 to
represent low-end mobile phone.

Models. We use six well-known DNN models in the exper-
iments: GoogLeNet [28], MobileNetV1 [29], MobileNetV2
[30], SqueezeNet [31], DenseNet [32], and EfficientNetV2
[33]. These DNN models are widely used in the end devices
and in evaluating DNN inference frameworks [15] [25]. The
detailed information of these DNN models can be viewed in
Table 3.

Baselines. We compare the performance of WPIA with
the original WebGL backend in TensorFlow.js, which we call
the vanilla approach in this paper. In addition, we imple-
ment a WPIAr approach, which loads precompiled WebGL
programs but does not merge the programs. The vanilla ap-
proach and WPIAr are used as the baseline approaches in our
evaluation.

Research questions. We propose the following three re-
search questions to evaluate the performance and overhead
of WPIA.

1. How effective does WPIA reduce the DNN warm-up
time?

2. How does the WebGL program merging contribute to
WPIA?

3. What is the overhead of WPIA?

We will answer these questions in the following subsec-
tions.

5.2 RQ1: How Effective Does WPIA Reduce the DNN
Warm-up Time?

To answer RQ1, we measure the DNN warm-up time of dif-
ferent approaches on all the aforementioned DNN models
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Table 2: Device information

ID Device OS CPU GPU Dedicated GPU Memory
H Hasee Windows 10 Intel Core i7 Intel UHD Graphics NVIDIA GeForce GTX 1070 8GB
D Dell Inspiron Windows 10 Intel Core i7 Intel Iris Xe Graphics NVIDIA GeForce MX350 16GB
P Pixel 3 Android 9 Snapdragon 845 Adreno 630 N/A 4GB
R Redmi Note 8 Android 9 Snapdragon 665 Adreno 610 N/A 3GB
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Fig. 7: The warm-up time. The X-axis labels are combinations of device IDs (H, D, P, R) and model IDs (#1 ∼ #6).

Table 3: The DNN models used in evaluation.

ID Name # of operators Size
#1 GoogLeNet 96 26.0 MB
#2 MobileNetV1 59 16.5 MB
#3 MobileNetV2 103 13.7 MB
#4 SqueezeNet 146 5.0 MB
#5 DenseNet 372 27.4 MB
#6 EfficientNetV2 404 27.0 MB
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Fig. 8: The warm-up time on dedicated GPUs

and devices. For the vanilla approach, the warm-up time is
equal to the first DNN inference latency. For WPIAr and
WPIA, the warm-up time includes the time needed to down-
load the WebGL binaries and load the binaries into Web
browsers, as well as the first DNN inference latency. We re-
peat each experiment five times and report the average warm-
up time. Figure 7 shows our experiment results about the

DNN warm-up time of vanilla, WPIAr, and WPIA.
We can see from Figure 7 that WPIA achieves surprising

performance in accelerating DNN warm-up compared with
vanilla. WPIA saves an average of 5.4 seconds in DNN
warm-up and 15.1 seconds on maximum (DenseNet on the
Hasee laptop). Regarding the ratio, WPIA reduces at least
72.7% of the DNN warm-up time in vanilla, with 84.1% on
average and 95.3% on maximum (GoogLeNet on the Hasee
laptop). In other words, WPIA can accelerate DNN warm-
up from 3.7× to 21.1×. These results show that WPIA can
optimize the DNN warm-up time remarkably.

Comparing the results among the devices, we can find that
WPIA has different performances on different devices. The
performance of WPIA on the Hasee laptop is much better
than on other devices. The average speedup ratio on the
Hasee laptop is 15.0×, whereas the average speedup ratio on
other platforms is 6.0×. This phenomenon reflects that com-
piling WebGL programs is a severe performance bottleneck
of DNN warm-up in Web browsers on some devices.

Dedicated GPUs. Some computers have dedicated GPUs
to improve the performance of graphic rendering. While the
default GPU choice for Web browsers is integrated GPUs,
users can manually set the dedicated GPUs as their preferred
GPUs in Web browsers. We conduct the same experiments
on the two laptops using dedicated GPUs. The results are
shown in Figure 8. From Figure 8, we can see that WPIA can
still achieve large optimization on dedicated GPUs. WPIA
reduces 2.1 seconds and 43.5% of the vanilla approach on
average, and 4.8 seconds and 59.9% in maximum.
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Fig. 10: The DNN inference latency (ms)

Takeaways: WPIA has remarkable performance in opti-
mizing the DNN warm-up time in Web browsers. On av-
erage, WPIA reduces 5.4 seconds or 84.1% of the DNN
warm-up time of the vanilla approach.

5.3 RQ2: How Does the WebGL Program Merging Con-
tribute to WPIA?

Program merging shrinks the total size of the binaries of the
WebGL programs, which can reduce the time fetching the
precompiled WebGL programs. However, program merging
also increases the size of a single WebGL program and adds
additional code to the programs in execution. These factors
can have positive and negative effects on the performance of

Table 4: Comparison of WebGL programs of models before
and after program merging

ID
# of

programs
Source code
size (MB)

Total # of
functions

WPIAr WPIA WPIAr WPIA WPIAr WPIA
#1 198 8 1.32 0.69 6263 3167
#2 74 8 0.48 0.26 2242 1200
#3 107 7 0.7 0.38 3363 1785
#4 153 9 0.88 0.42 4141 1843
#5 396 9 2.26 0.83 10722 3812
#6 206 8 1.25 0.6 5953 2776

WPIA.
To answer RQ2, we compare the performance and over-

head of WPIA and WPIAr. First, we study the source code
of WebGL programs of WPIAr and WPIA. Table 4 shows the
statistics. From Table 4, we can see that program merging
dramatically reduces the source code of WebGL programs.
WPIA’s merging effectively reduces the number of programs
used in DNN warm-up from hundreds to less than ten. If we
compare the total length of the source code, WPIA reduces
around 50% of the total length after program merging, which
will finally result in the reduced size of WebGL program bi-
naries. The total number of functions is also greatly reduced
by WPIA. WPIA reduces around half of the number of func-
tions.

Program merging effectively reduces the total size of the
WebGL binaries. We measure the total size of WebGL pro-
gram binaries of WPIAr and WPIA, and Figure 11 displays
the measurement results. As shown in Figure 9, the com-
pression ratio of WPIA ranges from 22.0% to 51.4%, and
36.9% on average. In other words, program merging can re-
duce nearly half of the WebGL binaries in the worst case,
effectively reducing the time that WPIA spends fetching and
loading the binaries.

Comparing the effectiveness of program merging between
different devices, we can find that the type of devices influ-
ences the effectiveness. On mobile phones, program merging
is more effective than on laptops. The average compression
ratio is 48.9% on laptops, while the average compression ra-
tio on mobile devices is 25.9% after program merging. This
phenomenon is probably due to the implementation differ-
ence of the WebGL program compilers on different GPUs.

Figure 7 shows the difference in DNN warm-up time be-
tween WPIA and WPIAr. We can see that WPIA further im-
proves the DNN warm-up time than WPIAr. Compared with
WPIAr, WPIA further reduces 32.9% of the DNN warm-up
time on average, and in the best case, it reduces 77.9% of the
time, which implies that program merging can further reduce
about one-third of the DNN warm-up time of WPIAr.

Figure 10 compares the latency of WPIA and WPIAr. We
can see no noticeable difference in inference latency between
the two approaches. This result indicates that program merg-
ing in WPIA does not introduce any noticeable overhead in
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Fig. 11: The overhead of WebGL binaries in warm-up

DNN inference compared to WPIAr.

Takeaways: Program merging in WPIA effectively re-
duces the total size of the WebGL source code and binaries,
decreases the DNN warm-up time, and does not introduce
any noticeable overhead in later DNN inference.

5.4 RQ3: What Is the Overhead of WPIA?

Recalling the design of WPIA, we can find that WPIA intro-
duces additional overhead in the following two aspects.

1. WPIA needs to download the binaries of the compiled
programs, which is an additional step compared with vanilla
frameworks.

2. WebGL Program merging increases the size of a single
WebGL program binary, which might bring overhead to the
execution of WebGL programs.

3. Precompiling WebGL programs may cause overhead
for the server.

We analyze the time taken in downloading and loading
binaries in WPIA in our experiments. Figure 11 shows the
analysis results. From Figure 11, we can see that the time
that WPIA takes in downloading and loading binaries is very
little. The average time of downloading and loading is 0.17
seconds, which is trivial compared with the warm-up time
of DNN models. Downloading binaries takes most propor-
tion of the overhead. The average time of loading binaries is
0.04 seconds, which indicates that loading binaries into Web
browsers incurs almost no overhead.

To show the overhead of WPIA’s merging to the WebGL
program execution, we measure execution time of WebGL
programs during DNN inference. For each WebGL program
execution in DNN inference, we repeat the execution 200
times, and measure the average execution time. We lever-
age the EXT_disjoint_timer_query_webgl2 extension [39] to
measure the execution time of WebGL programs on GPU de-
vices. We carry out the experiment on the Dell laptop. The
results show that the program merging increases the execu-
tion time of WebGL programs by 5.2µs, or by 21.5%, in the
median case. We also sum up all time in executing WebGL
programs for a single DNN inference, and compare the total
execution time before and after program merging. The results

show that program merging increase the total execution time
6.1ms, or by 17.5%, on maximum. These results show that
program merging does not incur much overhead to WebGL
program execution.

To show the overall influence of program merging, we also
measure the average latency of DNN inference of WPIA. We
repeat the DNN inference 100 times after the DNN warm-up
with the vanilla approach and WPIA. The results are shown
in Figure 10. From Figure 10, we can see no obvious latency
increase between the vanilla approach and WPIA. Moreover,
on mobile devices, WPIA reduces the latency of DNN in-
ference compared with vanilla. The average latency drop is
33.2% for mobile devices. The optimization stems from the
record-and-replay mechanism in WPIA, which avoids gener-
ating any source code of WebGL programs in DNN inference.

To show the overhead of WPIA’s precompiling to the
server, we measure the time that the server takes to compile
the merged WebGL programs of different DNN models for
different user devices. We repeat each measurement three
times and report the average results. The results are shown
in Table 5. We can see that precompiling WebGL programs
into binaries takes only very little time. Among these exper-
iments, the shortest time is less than 1 second (MobileNetV1
for Redmi), and the longest is less than 2 minutes (DenseNet
for Dell). The average compiling time is 17.6 seconds. The
results show that WPIA can accomplish WebGL program
precompiling fairly fast, which implies that the precompil-
ing of WPIA will not incur much overhead to the servers in
the offline phase.

Takeaways: The overhead of downloading WebGL bina-
ries is little, and the latency of DNN inference does not in-
crease in WPIA. The precompiling time in the offline phase
is almost negligible. Therefore, WPIA will not incur much
overhead in practice.

6 Discussion

This section will discuss some possible issues that may arise
when deploying WPIA in real-world scenarios.

• Security concerns.

There might be security concerns if a Web browser allows an
arbitrary binary from the Internet to run directly on the GPU
in a user device. However, in practice, using a WebGL pro-
gram loaded from a precompiled binary poses no more secu-
rity threats than using a program compiled from source code.
Possible threats from executing an arbitrary WebGL binary,
such as out-of-range memory access and denial of service,
have long been a security concern. Currently, OpenGL exten-
sion GL_ARB_robustness [40] defends against these possible
threats from WebGL programs, and the defense also applies
to the programs loaded from binaries. Yao et al. [41] lever-
ages GPU virtualization to isolate the execution of WebGL
programs, which can also defend against malicious precom-
piled WebGL programs.
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Table 5: Time of WebGL Program Precompiling (s)

Model
ID

Hasee
laptop

Dell
laptop

Pixel
phone

Redmi
phone

#1 34.5 31.9 4.0 9.3
#2 5.5 4.6 0.8 0.9
#3 11.0 9.2 2.5 4.0
#4 12.3 10.3 1.4 3.1
#5 88.6 101.1 12.0 35.3
#6 15.7 17.0 2.7 5.0

We believe that Web browsers should impose strict secu-
rity policies on using precompiled WebGL programs. For
example, Web apps that need this API should be hosted on
HTTPS, which can protect from Man-in-the-Middle attacks
that try to modify the binaries during network transfer. The
browser should impose integrity checking to ensure the bina-
ries have not been tampered with. With strict security poli-
cies, loading a precompiled WebGL program binary from the
Internet will not create new security threats to users.

• Cost of precompiling.

Because the format of a WebGL program depends on the soft-
ware stack in Web browsers and the vendor of the GPU de-
vice, a WebGL program may have different binaries on differ-
ent GPU devices. Generally speaking, compiling a WebGL
program for a specific GPU requires the help of real GPU de-
vices. If a developer wants to load the precompiled binaries
on various user devices, intuitively, it requires the developer
to run WPIA’s offline phase on various real GPU devices,
which may bring cost in deploying WPIA.

Multiple feasible workaround approaches exist to com-
pile WebGL programs without specific GPU devices. Tools
such as Mali offline compiler [42] from AMD can compile
a WebGL program without the specific GPUs. By default,
Chromium-based browsers and Firefox on Windows com-
pile WebGL programs into Direct3D binary format [24] sup-
ported by Windows, so these binaries are portable to other
Windows devices with different GPU devices. Furthermore,
if a user’s Web browser supports extracting the binary of a
WebGL program, we can acquire the binaries of compiled
WebGL programs from the user’s Web browser. Then, the
next time, these WebGL binaries can be used to accelerate the
DNN warm-up for other users with the same GPU devices.

7 Related Work

In this section, we will briefly introduce the related work of
this paper.

7.1 Deep Learning in Web Apps

With the recent development of deep learning, more and more
Web apps are starting to leverage DNN inference to provide
intelligent service to users. Quan et al. [43] investigate the

faults of JavaScript-based deep learning frameworks. Our
prior work [15] measure the performance of DL frameworks
in DNN inference, with various inference backends and on
different DNN models. They also identify that DNN infer-
ence on the WebGL backend has a long warm-up time, but
they do not further analyze the reason for this phenomenon.
Huang et al. [44] propose DeepAdapter, which adopts a
context-aware DNN pruning scheme to perform DNN infer-
ence collaboratively. The WEngine tool proposed by us [45]
can improve the DNN inference throughput for Web apps by
scheduling DNN inference tasks on WebGL and WebAssem-
bly backends. Huang et al. [46] design AoDNN, which is a
delicate framework for offloading DNN inference tasks from
Web browsers to edge servers. Although many research ef-
forts have been invested in optimizing DNN inference per-
formance, to the best of our knowledge, there is no work that
specifically targets optimizing the DNN warm-up.

7.2 WebGL Optimization

WebGL is a powerful API that allows web apps to utilize the
GPU resources in user devices. Prior work on WebGL has
focused on discovering and fixing security issues. For exam-
ple, it has been shown by Tahir et al. [47] that WebGL APIs
can be exploited to do cryptojacking in Web browsers. Yao
et al. [41] propose Sugar, which isolates the WebGL context
from different Web apps with GPU virtualization. We believe
their approach can also be used to protect malicious behavior
from WebGL programs loaded from binaries.

Wu et al. [48] propose UNIGL which can rewrite WebGL
programs to defend against Website fingerprinting with
WebGL. Some OpenGL shader compilers apply different lev-
els of source-code optimization on the shaders [49], including
dead-code elimination, and loop unroll. Approach proposed
by Han and Abdelrahman [50] can reduce branch divergence
in GPU code, as well as moving out common code from con-
ditional expressions. To the best of our knowledge, we con-
duct the first work that tries to reduce the total size of multiple
compiled WebGL programs.

8 Conclusion

In this paper, we study the long warm-up time of GPU ac-
celeration of DNN inference in Web browsers. We analyzed
the reason behind the long warm-up time through a measure-
ment study and revealed that compiling WebGL programs
takes most of the warm-up time. Inspired by this finding,
we proposed WPIA, an approach that suggests precompiling
WebGL programs at the server side to avoid compiling them
in Web browsers. WPIA tackles challenges of precompiling
by merging WebGL programs and using a record-and-replay
technique. We implemented a prototype of WPIA and evalu-
ated its performance and overhead. Experiment results show
that WPIA can accelerate the DNN warm-up time to an order
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of magnitude with negligible additional overhead.
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