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ARTICLE INFO ABSTRACT

Keywords: In-browser neural network inference offers the promise of cross-platform Al applications, but faces severe
Model partitioning latency and energy challenges on resource-constrained devices. In this paper, we present nnWeb, a WebGPU-
WebGPU

based in-browser neural network inference framework with optimized latency and energy efficiency. nnWeb
dynamically partitions neural network and facilitates the collaborative offloading between client browser and
server. nnWeb operates in two phases: (1) layer-wise isolation-based profiling, which is used to predict per-
layer execution latency and energy on heterogeneous hardware; and (2) asynchronous execution-based DNN
partitioning, which continuously monitors network bandwidth and device load to select the optimal partition
point using WebGPU’s native pipeline parallelism, minimizing total latency or energy consumption by solving
a closed-form optimization at runtime. Extensive evaluation on various in-browser Al models and networking
conditions shows that nnWeb achieves an average reduction of 30% to 52% in total inference latency compared
with static partitioning. Moreover, nnWeb realizes energy savings ranging from 11.3% to 44.0% in contrast
to standalone browser inference.

Mobile computing
Cloud computing

1. Introduction To mitigate these limitations, various in-browser inference acceler-
ation techniques have been explored. These methods aim to improve
both responsiveness and energy efficiency by applying model compres-
sion strategies such as pruning [10], quantization [11], and operator

fusion, together with the use of specialized hardware like GPUs [12].

With the rapid growth in both the scale of deep learning models
and the diversity of deployment scenarios, in-browser deployment of
neural networks [1,2] is becoming increasingly prevalent. In-browser
inference enables Al models to run on any device equipped with a
modern web browser, ranging from desktops to tablets, smartphones,
and even lightweight embedded platforms. This inference paradigm
supports applications such as intelligent search [3], recommenda-
tion systems [4], and automatic translation [5] across heterogeneous
hardware and operating systems.

Due to the interactive nature of the browser, its responsiveness
and energy consumption are critical to end-user Quality of Experience
(QoE). This importance leads to an increased attention from both
industry and academia [6,7]. This problem is further exacerbated as
the model sizes and computation demands increase continuously. While
high-performance servers can execute Deep Neural Network (DNN)
models efficiently, they typically incur high energy consumption [8].

However, in-browser inference must be implemented through cross-
platform graphics APIs, such as WebGL [13], which limits the appli-
cability of the existing optimizations. Moreover, existing in-browser
inference frameworks [1,2,14-16] focus mainly on optimizing the in-
ference on independent device. These works neglect the opportunity to
take advantage of the Web for collaborative computing.

Fortunately, the proliferation of WebGPU [17] offers new oppor-
tunities for efficient and fast in-browser inference. As the latest W3C
standard, WebGPU exposes a lower-level, more efficient GPU interface
than WebGL. By providing native resource binding and finer-grained
pipeline control, WebGPU reduces runtime overhead and enhances
both memory throughput and parallelism, making it well suited for

In contrast, deploying the same models on client devices with lim-
ited computational and memory resources often results in significant
latency [9].
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high-performance scientific computing and deep learning inference
directly on the browser. Moreover, inherent network connectivity of
browsers opens up the possibility of collaborative inference, whereby
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a single DNN can be partitioned and executed across multiple browser
instances [17,18].

However, optimizing inference with WebGPU presents two fun-
damental challenges. First, WebGPU significantly accelerates model
inference, reducing execution time from the order of seconds to mil-
liseconds (see Section 3.2). A key challenge is how to precisely pro-
file WebGPU-based in-browser Al inference at the millisecond level.
Second, WebGPU adopts an asynchronous execution paradigm that
decouples model loading from inference [19]. How to fully exploit this
paradigm to further reduce latency and energy consumption during
collaborative inference remains an open research problem.

To tackle these challenges, we present nnWeb, an adaptive, layer-
wise model partitioning system that dynamically offloads DNN compu-
tations between client and server. nnWeb operates in two key phases:
(1) Layer-wise isolation-based profiling. We build predictive performance
profiling models for each DNN layer type (e.g., convolution, pooling,
fully connected) across heterogeneous devices. This comprehensive
profiling enables nnWeb to capture the performance characteristics of
different layers under diverse conditions, thus providing a basis for the
client and server to make the browser’s fine-grained partition decision
at the same time in the subsequent stages. (2) Asynchronous execution-
based DNN partitioning. Leveraging these predictive models together
with real-time measurements such as network bandwidth and device
workload, nnWeb determines the optimal partition points within the
DNN model. Once the partition point is selected, both the client and
the server are informed, allowing the server to proactively prepare its
portion of the model by utilizing WebGPU’s asynchronous execution
APIs. When the client transfers intermediate activations, the server can
immediately proceed with inference, effectively overlapping initializa-
tion and computation in order to minimize end-to-end latency and
energy consumption.

We implement nnWeb and conduct extensive evaluation with preva-
lent AI models and various network conditions. Results show that
nnWeb achieves an average reduction of 30%-52% in total inference
latency compared with static partitioning. Moreover, nnWeb realizes
energy savings ranging from 11.3% to 44.0% in contrast to standalone
browser inference. The key contributions of our work are as follows:

» We propose nnWeb, an adaptive model partitioning system that
dynamically offloads DNN computations between client browser
and server browser to minimize total latency or energy consump-
tion.

We design an performance modeling approach that accurately
predicts the execution time and resource requirements of different
layers on various devices.

We validate the effectiveness of nnWeb across multiple network
conditions and hardware configurations, demonstrating its broad
applicability in diverse application domains, including computer
vision, natural language processing, and speech recognition.

The remainder of this paper is organized as follows. Section 2
provides the background and motivation for our work, discussing the
trade-offs between browser-based and server-based inference and the
layer-level characteristics of neural network models. Section 3 presents
the design of nnWeb, including the offline profiling phase and the
online optimization system. Section 4 evaluates the performance of
nnWeb across various network conditions, hardware configurations,
and application domains, demonstrating its effectiveness in reducing
total latency and optimizing energy consumption. Section 5 discusses
the limitations of nnWeb and potential directions for future research.
Finally, Section 6 reviews related works in the field, and Section 7
concludes the paper.
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Fig. 1. The comparison of model inference based on different configurations.

2. Background and motivation

Intelligent web applications increasingly rely on in-browser neural
network inference to deliver low-latency, privacy-preserving Al ser-
vices across heterogeneous devices. However, running complex DNNs
entirely on either the client or the server alone entails significant
trade-offs: server-side inference incurs communication delays, while
client-side inference is constrained by limited compute and memory.
In this section, we first examine the fundamental latency and re-
source trade-offs of collaborative offloading between browsers and
servers, and then derive layer-wise insights that motivate a dynamic
partitioning strategy.

2.1. Client-server trade-offs in collaborative DNN offloading

Neural network inference is traditionally performed on cloud servers
[8], leveraging powerful hardware but suffering from high transmission
latency, especially problematic for real-time applications. In contrast,
running inference directly in client browsers reduces communication
delays but is constrained by limited local resources, often resulting in
unacceptable latency. To balance these trade-offs, collaborative offload-
ing has emerged as a promising solution. It leverages the strengths of
both client-side and server-side execution by dynamically partitioning
DNN models, allowing the client browser to handle early layers while
the server processes the deeper stages of inference.

When evaluating the client-server browser inference trade-off, mul-
tiple dimensions warrant consideration. For the purpose of illustration
in this section, we specifically use latency as an example to explain the
impact on application performance. It should be noted that this repre-
sents just one aspect of a comprehensive evaluation that should also
incorporate factors such as energy efficiency, computational resource
allocation, and cost-effectiveness.

To quantitatively analyze these trade-offs, we conduct performance
evaluations using MobilenetV1 [20], a lightweight convolutional neural
network for image classification. Our experimental setup comprised:

+ Client device: Laptop with integrated GPU (Intel UHD Graphics
730)

+ Server device: High-performance machine with discrete GPU
(NVIDIA RTX 3060)

As illustrated in Fig. 1, our results demonstrate that inference based
on server browser exhibited end-to-end latencies of 131 ms (4G) and
39 ms (WiFi). Notably, while server computation latency measured only
5 ms, transmission latency dominated the total delay, particularly in 4G
environments. In contrast, the client browser based implementations
using WebGPU and WebGL achieved latencies of 38 ms and 47 ms
respectively, demonstrating that while client inference eliminates com-
munication overhead, it incurs higher computational latency compared
to server browser based inference.

These findings highlight the fundamental trade-off between commu-
nication and computation latency in neural network inference:
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Fig. 2. Per-layer inference time (red bars) and output data size (blue markers) after processing each layer in MobilenetV1. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)

» Server browser: Superior computational
constrained by transmission delays.

+ Client browser: Eliminates transmission costs but limited by local
resource constraints.

capability but

This dichotomy motivates our investigation of a hybrid inference
framework that strategically combines the advantages of both ap-
proaches, which will be introduced in §3. By implementing dynamic
computation offloading between client and server environments, we
aim to optimize overall latency and enhance application performance,
particularly for real-time use cases.

While our analysis focuses specifically on latency as an exem-
plar, similar trade-off considerations apply to other critical factors
including energy consumption. The principles underlying our hybrid
approach can be extended to address these additional dimensions,
underscoring the importance of developing adaptive inference solutions
for intelligent applications, which will be verified in the experiment in
Section 4.6.

2.2. Layer-wise partitioning insights for neural network models

In Section 2.1, we have established the theoretical basis for parti-
tioning Al models across client and server environments. In this section,
we explore the advantages of such partitioning paradigms through
layer-level analysis of output data size and computational latency,
aiming to optimize task distribution between the two platforms. We
evaluate the data and computational characteristics of each layer in
MobilenetV1 to determine the feasibility and efficiency of partitioning
neural network computations. By analyzing layer-specific attributes, we
can strategically allocate processing layers to either the client or the
server, thereby optimizing end-to-end performance.

Per-layer Latency Analysis. As depicted in Fig. 2, the red bars
sequentially represent the execution time of each layer within Mo-
bilenetVl when implemented on WebGPU, and names of each layer
in MobilenetV1 can be found in Table 1. Convolution layers, encom-
passing both pointwise and depthwise convolutions, emerge as the
primary computational bottleneck, accounting for over 80% of the total
execution time. Notably, pointwise convolution layers, despite their rel-
atively low computational complexity, frequently exhibit higher latency
than standard convolutional layers. This discrepancy arises from their
complex memory access patterns, which introduce additional overhead.
Conversely, batch normalization and global average pooling layers
execute significantly faster. These findings underscore the diverse com-
putational demands across different layer types, a critical consideration
when devising partitioning paradigm.

Data Size Variation. The blue markers in Fig. 2 denote the output
data size for each layer, which serves as the input to the subsequent
layer. Early-stage convolution layers, particularly pointwise convolu-
tions, generate substantial output data (as indicated by the tallest bars).

Table 1
Layers of MobilenetV1.

Index Layer name Index Layer name Index Layer name Index Layer name

0 input 24 dw4 48 pw7_relu 72 pwll_relu
1 convl 25 dw4_bn 49 dws8 73 padl2

2 bnl 26 de4 _relu 50 dw8_bn 74 dwl2

3 relul 27 pw4 51 dw8_relu 75 dw12_bn
4 dwl 28 pw4_bn 52 pw8 76 dw12_relu
5 dw1_bn 29 pw4_relu 53 pw8_bn 77 pwil2

6 dwl_relu 30 dw5s 54 pw8_relu 78 pwl2 bn
7 pwl 31 dw5_bn 55 dw9 79 pwl2_relu
8 pwl_bn 32 dw5_relu 56 dw9_bn 80 dwil3

9 pwl _relu 33 pw5 57 dw9_relu 81 dw13_bn
10 conv2 34 pw5_bn 58 pw9 82 dw13_relu
11 dw2 35 pw5_relu 59 pw9_bn 83 pwl3

12 dw2_bn 36 pad6 60 pw9_relu 84 pwl3 bn
13 dw2_relu 37 dw6 61 dwl0 85 pwl3_relu
14 pw2 38 dw6_bn 62 dw10_bn 86 gap2d

15 pw2_bn 39 dw6_relu 63 dwlOrelu 87 reshapel
16 pw2_relu 40 pwé 64 pwlo 88 dropout
17 dw3 41 pw6_bn 65 pw1l0_bn 89 conv4

18 dw3_bn 42 pw6_relu 66 pwlOrelu 90 reshape2
19 dw3_relu 43 dw7 67 dwll 91 Argmax
20 pw3 44 dw7_bn 68 dwl1_bn

21 pw3_bn 45 dw7_relu 69 dwll _relu

22 pw3_relu 46 pw7 70 pwll

23 conv3 48 pw7_bn 71 pwll bn

This is attributed to the application of hundreds of convolution kernels
on input feature maps to extract discriminative features. The output
size remains unchanged after batch normalization and activation layers.
However, depthwise convolution layers drastically reduce data size,
achieving up to a 6x reduction. Finally, the dense layer condenses the
output to a single classification label. These trends in data size variation
are instrumental in assessing communication overhead, a pivotal factor
in optimizing partitioning paradigm.

Through comprehensive analysis of per-layer latency and data size
variation, we derive the following insights: Each layer’s computational
and data profiles are inherently dependent on its type and position
within the model. While later layers typically exhibit higher compu-
tational latency, their associated data sizes are significantly smaller
compared to the input layer. This inverse relationship suggests that
front-end layers process larger data volumes, whereas back-end lay-
ers impose heavier computational demands. These findings present
strategic opportunities for partitioning neural network computations
between the client browser and server browser. Specifically, offloading
front-end layers to the client browser can minimize communication
costs, while executing back-end layers in the server browser leverages
its superior computational resources. These observations underscore
the need for a nuanced approach to partitioning AI models, considering
both computational latency and communication overhead.
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Asynchronous execution-based
DNN partitioning

(2) Predict layer performance

Fig. 3. nnWeb overview. Layer-wise isolation-based profiling is conducted offline to collect and analyze detailed characteristics of different neural network models. At runtime,
asynchronous execution-based DNN partitioning continuously monitors the current wireless network status and the available computational resources on both the client and the
server sides. Based on the profiling database and real-time conditions, it intelligently determines the optimal partitioning point for model inference.

3. Methods

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 (Section 2.2). 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 total latency
or energy consumption on mobile devices. To fulfill this requirement,
we have designed an intelligent model partitioning framework, nnWeb.
The nnWeb framework comprises two key components: layer-wise
isolation-based profiling and asynchronous execution-based DNN Parti-
tioning, both of which are designed to efficiently manage the execution
of partitioning in intelligent applications. Fig. 3 illustrates the design of
nnWeb.

3.1. Layer-wise isolation-based profiling

With the acceleration provided by WebGPU, the inference latency
of neural networks has been dramatically reduced from the order of
seconds to milliseconds (detailed in Section 3.2), making it comparable
to communication latency. Moreover, modern neural networks consist
of diverse layer types, each exhibiting unique characteristics such as
varying input/output dimensions and distinct computational behaviors.
To accurately predict the latency of each layer—and consequently
determine the optimal partitioning point—we must model individual
layers along with their specific parameters.

To this end, layer-wise isolation-based profiling is performed offline
to systematically collect and analyze the detailed performance char-
acteristics of each layer. We vary the parameters of individual layers
and measure their execution times to capture performance patterns.
Regression models are then trained to estimate execution latency on
both the client and the server sides.

Consider a multi-layered model with M sequentially arranged layers
L = {LyLy,...,Ly_;}, where each layer L; processes intermediate
data of size S; € R*. Let d, and d denote the client and server devices,
respectively. The execution latency of layer L; on device d € d,.d,
follows the statistical model:

TL(I”") = f(L[f)(xLi, Yo +e e~NQOc?), €))
where fl(j) represents the device-specific regression function, x; de-
notes layer configuration parameters (e.g., input dimensions, kernel
size), and y, captures device-dependent variables (e.g., browser load
level). The Gaussian error term ¢ accounts for measurement noise and
unmodeled effects. We systematically characterize the parametric space
for each layer type as follows:

Convolution Layer. In the realm of convolution operations, where
the kernel size is K x K, the stride is S, and the number of output

channels is C,,,, the parameters are meticulously selected to capture the

layer’s essence. We denote these parameters as X, =

mn>

2
[GFLOPS, C; (%) Cou,] . Here, GFLOPs serves as a quantifier of

the model’s computational demand, C;, represents the count of input

channels, and (5 )2 C,; encapsulates the spatial and channel capacity
influenced by the kernel and stride. This parametrization not only
reflects the layer’s computational intensity but also its feature extrac-
tion capabilities, offering a comprehensive view of the convolutional
process.

Fully Connected Layer. For a fully connected layer, the parameters
are determined by considering the dimensions of input and output
features, represented as D;, and D,,, as well as the counts of input
and output neurons, denoted by N;, and N,,. Consequently, the se-
lected parameters are x,. = [Dy Dyt Nips Ny - This parametrization
captures the layer’s role in learning intricate patterns through its dense
connections, bridging the gap between input representations and out-
put predictions. It is worth noting that the parametrization approach
for argmax and softmax layers follows a similar rationale, focusing on
the transformation from input to output dimensions.

Pooling Layer. The pooling layer’s parameters encompass the pool-
ing type and the dimensions of the input and output feature maps.
Let P € {max,avg} symbolize the pooling type, with D,, and D,,
representing the sizes of the input and output features, respectively.
The parameters are thus defined as x,,,; = [P, D;,, D,,,]”. This config-
uration not only signifies the pooling mechanism but also the spatial
transformation it imparts, playing a pivotal role in downsampling and
accentuating salient features within the data.

Activation Layer. Within the activation layer, there exists a direct
mapping between input and output. The parameters are determined
by the type of activation function o(-), the number of output neurons
N,.,» and the spatial extent of the feature maps S,,. Therefore, the
selected parameters are x,,, = [o, N(,M,,Sou,]r. These parameters in-
fluence the layer’s capacity to introduce non-linearity into the model,
thereby enhancing its ability to approximate complex functions. It is
important to highlight that Normalization layers utilize a comparable
parametrization, with ¢ being substituted by various normalization
techniques such as batch normalization.

Embedding Layer. The embedding layer serves as a critical com-
ponent in processing discrete textual inputs by mapping them into
continuous vector representations. As the computational demand of
this layer intensifies with the length of the input data, the selected
parameters are the input sequence length L, embedding dimension
D, and vocabulary size V. Thus, x,,, = [L.D, V1T encapsulates key
aspects affecting the embedding process. The embedding dimension D
determines the richness of the vector representation, while the vocab-
ulary size V dictates the scope of unique tokens that can be effectively
mapped, both of which are essential for capturing semantic meanings
in natural language processing tasks.
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Recurrent Layer. The recurrent layer stands out for its flexibility in
accommodating diverse types of recurrent cell architectures, including
Recurrent Neural Networks (RNN) [21], Long Short-Term Memory
(LSTM) networks [22], and Gated Recurrent Units (GRU) [23]. These
distinct cell types entail different parameter configurations, which in
turn result in varying computational loads and memory capacities. For
instance, LSTM layers typically impose a heavier computational load
compared to RNN layers due to their sophisticated gating mechanisms
that regulate information flow. In this research, the input shape, the
dimension of the hidden state, and the specific recurrent kernel type
are selected as input variables. For RNN cells R € {RNN, LSTM, GRU},
input shape D,,, and hidden state size H,,,, the parameters are x,,, =
[Dy» Hpigs R]" . This parametrization effectively captures the recurrent
layer’s dynamic behavior, its capacity to retain temporal information,
and its computational requirements, making it a vital component in
sequence modeling tasks.

By training the prediction models on devices with abundant samples
and then transferring them to target devices for testing, the sample
efficiency of these prediction models can be greatly improved [24].
This approach allows us to implement a performance prediction model
for each layer, creating a platform to analyze the execution time of
each layer of the network across different devices, i.e. client and server,
without running the model.

3.2. Asynchronous execution-based DNN partitioning

In traditional DNN partitioning strategies, initialization (i.e. model
loading and data preparation) and execution form a strictly sequential
pipeline, as illustrated in Fig. 4(a). Latency in any stage propagates
through the entire workflow, exacerbating both overall response time
and energy consumption [14]. In contrast, nnWeb leverages WebGPU
to enable asynchronous execution between initialization and inference
phases, as shown in Fig. 4(b), thereby eliminating unnecessary waiting
and improving overall responsiveness. Moreover, WebGPU significantly
reduces the execution time of in-browser Al inference. Fig. 4(c) presents
a comparison between the end-to-end latency of a traditional partition-
ing strategy without WebGPU acceleration and that of the proposed
nnWeb framework. In the absence of WebGPU, the combined infer-
ence and communication latency is approximately 1.5s, whereas with
WebGPU acceleration, the process can be completed in approximately
27.3 ms. At the millisecond level, the proportion of communication
overhead in the overall latency becomes more pronounced. As a result,
accurately predicting the inference time of each DNN layer becomes
increasingly important to enable effective trade-offs between com-
putation and communication in terms of both latency and energy
consumption. This necessitates the use of profiling models introduced
in the previous section to guide the selection of optimal partitioning
points.

It is important to note that in our inference scenario, model loading
is considered a one-time cost during the startup phase and is thus
excluded from per-inference latency assessments [25]. Research in this
domain typically focuses on steady-state performance, where the dom-
inant factors are the per-inference execution time and communication
latency [26]. This design assumption allows profiling and optimization
efforts to concentrate on the long-term behavior of the system, rather
than transient initialization overhead.

To this end, an asynchronous execution-based DNN partitioning
strategy is adopted to optimize the execution of multi-layered models
by determining the optimal split point between local and remote pro-
cessing. Our primary objective is to minimize the total execution time
or energy consumption by efficiently distributing the computational
workload between the browser and the server. This distribution is
influenced by several factors, including the data size of each layer,
performance prediction models for both local and remote inference, the
current network transmission rate, and the local device load. The pseu-
docode of the algorithm is outlined in Algorithm 1, and the following
section provides a detailed delineation of the algorithm’s steps:

Computer Networks 270 (2025) 111489

Algorithm 1 Asynchronous Execution-Based DNN Partitioning

1: Input:
- Model layers £ = {Ly, Ly, ..., Ly, } and layer parameters x;

- Regression models fzd) for each layer
- Network transmission rate W and local workload yjy.g
- Device power consumption P, , Py, Pyet
- Optimization objective O € {latency, energy}
: Output: Optimal partition index j* and strategy type
M=1 (dy) K
Tds « Z,’:o fL,- (XL() + WO
M-1 (d;)
Edc - 21:0 fL’c (XL,sYIoad) : PdC
:forj=0to M —1do
j d.)
Tejient < Z,LQ fLi (XL,» Yioad)
s
Thet < W/
M-1 ()
Tserver < Zi=j+1 fL,- (XL,.)
Ttotal(j ) < Tplient(;)Tnet + Tserver
Eclient < 27:0 fL‘.C (XL,-’ Yioad) - Py,
E «2.T P,

comm net * fnet
Egerver < Z,}Z]__:l fgj)(XL,) . Pds
Eiotal()) < Edtient + Ecomm T Eserver
: end for
: if O = Latency then
.j* < arg rninj Ttotal(j)
OtotalU™") < ThoratG™); Opr < 1y,
: else if O = Energy then
Jj* « arg min; Eioa1(J)
Orotal ™) < EgoraG™), Oy < Edc
: end if
2 if Opp < Oy () then

return Full IT execution
: else

return Co-processing at layer j*
: end if

©® N R Wi

NN N DN DN NN = = e e b e e e

The algorithm begins by initializing the necessary parameters x;
and variable y,;. Here, X;. € {Xconss X s Xpoot> Xact> Xemp Xpnns ) T€PIE-
sents parameters of layers such as convolutional and fully connected
layers. y, includes the local load level y,,, on the browser side,
which can be used to ensure accurate performance predictions. Per-
formance profiling models fédi) are employed to estimate both the
computational latency of executing individual layers on both client
and server browsers and the associated energy consumption during
their execution. Beyond predicting execution time, these models are
extended to account for energy efficiency—a critical consideration
in optimizing model partitioning strategies, particularly for resource-
constrained mobile devices with limited battery capacity. Energy con-
sumption is quantified by multiplying the layer’s execution time by
the device’s power draw during that period. This dual objective en-
ables our framework to simultaneously evaluate latency and energy
efficiency, thereby facilitating more informed decisions in distributed
neural network partitioning.

To begin with, it is posited that all computational processes are
executed on the server, which serves as the foundational benchmark
for the latency threshold of the system. Subsequently, the algorithm
calculates the aggregate time required, a process that includes the
execution latency of each layer on the server as well as the transmis-
sion delay for the initial data set. When estimating data transmission
latency, potential discrepancies between the transmission rate of the
client and the reception rate of the server are taken into account.
However, given the relatively modest sizes of models utilized within the
client-server architecture, a simplifying assumption is adopted, positing
symmetry in communication between the browser and server. More
precisely, it is assumed that the data transmission rate from the client
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(c) Latency comparison of the two strategies along the same timeline.

to the server and the reception rate at the server from the client are
equivalent, both being designated as the network transmission rate W.
This assumption facilitates a streamlined analysis while maintaining
a reasonable approximation for practical scenarios involving such ar-
chitectures. The total time assumed for operations running entirely on
the server (denoted as server-only), designated as Tj,,,,,, Serves as a
critical baseline for subsequent analysis and optimization endeavors:

M-1 4
= D )+ T @
i=0

where T = S, /W denotes the data transmission delay incurred when
transmitting the original data to the server without processing through
L.

Similarly, the total energy consumption for operations running en-
tirely in the client browser (denoted as client-only), designated as E, ,
can be estimated as:

E, = 2 o) x Py ®

where P, is the power consumption of the client during computation.

After determining the server-only execution latency 7, and client-
only energy consumption E, , we compare them with our proposed
partitioning strategy. Specifically, to rigorously identify the optimal
partitioning strategy between client and server resources, the proposed
algorithm conducts a systematic evaluation of computational latency
and energy consumption.

From the perspective of latency optimization, for the ith layer, the
algorithm calculates the predicted latency for executing layer L; on the
browser, denoted as T, Ldl" = ij (XL,+ Yioad)- Here, yigoq represents the

local load level on the client device, which affects execution latency
due to resource contention and computational throttling In contrast,
server execution latency for layer L;, T s f I "(xp,) is modeled
without an explicit load parameter, as server environments typically
maintain stable load conditions. For each potential partitioning point
Jj€{0,1,..., M — 1}, the algorithm calculates the total latency T, as

follows:
J M-1
. d, d,
Toa)= X7 + T+ YT @
i=0 i=j+1, i<m
—— j+1,
M Data communication v

Client processing Server processing

where the first term in Eq. (4) represents the cumulative latency
for executing layers L, to L; on the client browser; Tz‘e‘ = S;/W
denotes the data communication latency incurred when 'transferring
intermediate outputs between the jth and (j + 1)th layers across the
network; the last term represents the cumulative latency for executing
layers L;,, to Ly,_; on the server browser.

From the perspective of energy optimization, the algorithm esti-
mates the energy consumption for each layer on both the client and
server, while also incorporating the energy consumed during data trans—
mission. For the client and server, energy consumption E and E are
derived by multiplying the layer latency by the power consumptlon
of client and server P, and P, respectively. Data communication
energy is computed as 2 x Tne X Pnet, where P, represents the power

consumption of the network mterface, and the factor of 2 accounts for
both sending and receiving data. Thus, for each potential partitioning
point j € {0,1,...,M — 1}, the algorithm calculates the total energy
consumption E,, as follows:

M-1
,a,u,(,)_Zr X Py o+ 2XTPX Py +Zr X P, 5)

i= \ " i=j+1
\—-ﬁ/—-—/ N —
Communication energy

Client energy Server ener

g
The optimal partitioning index j* is then determinec{ through:

Omtal (1)7 (6)

i* = ar min
Y gje{O,..,,M—l

Full IT execution if Oy < Oyl U)

Partitioning Strategy = { heri
otherwise,

Co-processing at layer j*
@)

where O, (j) represents the optimization objective, which can be
either T,,,(j) for latency optimization or E,,,(j) for energy opti-
mization. The choice of O,,,(j) depends on the specific optimization
goal: O,,,1(j) = Tpe(j) for time optimization and O,,,,;(j) = E;pu(J)
for energy optimization. O;; denotes the metric corresponding to the
chosen optimization objective (either T, or E, ), and I corresponding
to the choosing between client or server. This strategy ensures that
the optimal demarcation point between local and remote processing is
identified based on the prioritized optimization goal.

To accommodate fluctuations in network transmission rates and
local computational workloads, the nnWeb partitioning algorithm dy-
namically updates the model split point based on Egs. (4) to (6),
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Fig. 5. The total latency of MobilenetV1 when choosing different partition points. The partition points for best latency are each marked by x.

thereby maintaining optimal partitioning decisions under varying run-
time conditions. This adaptability ensures that inference performance
remains robust across heterogeneous and dynamic execution environ-
ments.

Furthermore, to fully leverage the asynchronous execution
paradigm provided by WebGPU, the predicted partition point is proac-
tively communicated to both the client and the server at runtime.
This design enables parallel initialization on both sides, effectively
eliminating the dependency whereby inference execution must wait
for model initialization to complete. In particular, the server can begin
loading its portion of the model without waiting for input data from the
client, thereby reducing idle time and improving system-wide efficiency
in terms of both latency and energy consumption. This asynchronous
execution-based DNN partitioning strategy adopted by nnWeb ensures
flexibility and minimizes overall execution time by thoroughly evaluat-
ing and selecting the most efficient processing configuration—whether
it involves full offloading to the server or collaborative execution with
an optimal partitioning point j*.

4. Evaluation
4.1. Experimental setup and configuration

We build a prototype of nnWeb by creating TensorFlow.js [27]
instances as the foundational infrastructure for both the client and
server-side components. We implement a client-server interface using
Websockets, a transmission control protocol (TCP) network protocol
that enables bidirectional communication between the browser and
server. To enable dynamic selection of partition points, the AI model
can be loaded on both the client and server. We evaluate nnWeb
under a WiFi network environment with a 100Mbps bandwidth, using
two types of GPU backends: an integrated GPU (Intel UHD Graph-
ics 730, 75 W) and a discrete GPU (NVIDIA GTX 1650 Ti, 75 W).
The communication module, which includes wireless transmission and
the WebSocket communication stack, contributes an additional power
consumption of approximately 15 W during active data exchange.

4.2. Latency reduction analysis

In collaborative computing between mobile devices and servers,
selecting an optimal model partitioning point is crucial for improving
computational efficiency. Our previous analysis in Section 2.2 shows
that different layers have varying computation and communication
demands: front-end layers process large data with low computation
intensity, while back-end layers handle smaller data but need high com-
putation power. Based on these findings, this section explores how dif-
ferent partitioning points affect the total latency of MobilenetV1 when
offloading computations from the browser to the server via WiFi, aim-
ing to find the best partitioning strategy that balances communication
and computation resources.

Table 2

Benchmark specifications.
APP Network Input Layers
NLP Spam detection Word vectors 6
ASR Speech commandsV1 Speech commands 23

Fig. 5 depicts the total latency of MobilenetV1 across various parti-
tioning points, with each bar representing the latency corresponding to
a specific partition point. Specifically, the leftmost bar signifies cloud-
only processing, where all layers are executed on the server browser.
As the partition point migrates to the right, an increasing number of
layers are processed locally on the client browser, with the rightmost
bar denoting client-only processing.

The experimental results unveil that partitioning at a middle layer
effectively equilibrates data communication overhead and the exploita-
tion of the server computational power. For instance, the partitioning
point dw6 attains the lowest latency by leveraging the computing
capabilities of both the client and server. This strategy enhances latency
by 31% in comparison to cloud-only processing and by 30% relative to
client-only processing.

Based on the experimental evidence, we conclusively establish that
partitioning at the layer granularity markedly ameliorates latency by
balancing the trade-offs between communication and computation.
For MobilenetV1l with WiFi communication, the optimal partitioning
point resides within the middle layers of the model. At this juncture,
the amalgamated benefits of diminished data communication and effi-
cient server-side computation are optimized, culminating in the most
efficient overall computational process.

4.3. Generalization across application domains

Neural network model partitioning across different computing plat-
forms is crucial for balancing computational efficiency and commu-
nication overhead in modern AI system design. While prior analyses
on Computer Vision (CV) models have shown the importance of con-
sidering layer-type characteristics and model topology for determining
optimal partitioning strategies, the unique demands of various applica-
tion domains require a more comprehensive exploration of partitioning
approaches. To demonstrate the wide applicability of our partitioning
strategy, we extend our exploration to two additional intelligent ap-
plications: Natural Language Processing (NLP) and Automatic Speech
Recognition (ASR). Our aim is to show that the partitioning approach
can be effectively applied beyond CV models to other domains, despite
their distinct computational and data features. Detailed specifications
of the two benchmark models from the TensorFlow.js library are pro-
vided in Table 2. The partitioning for each model begins at the first
non-input layer and ends at the final layer, and we use a wireless
network setup to evaluate the total latency.
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Fig. 7. The total latency when choosing different partition points.

NLP applications. The layer decomposition for NLP models is
presented in Fig. 6(a). Contrary to CV models, NLP models typically
integrate inputs with temporal dependencies, which involve embedding
layers and RNN layers. Owing to their sequential nature, these layers
are computationally intensive. However, the shorter input sequences
in NLP models offer prospects for partitioning near initial stages. This
implies that partitioning strategies can be tailored to exploit the unique
attributes of NLP models, such as their temporal dependencies and
shorter input sequences. As depicted in Fig. 7(a), the optimal partition
point for NLP models is inclined to be nearer to the input layers,
where the computational load can be effectively distributed between
the browser and the server.

ASR applications. The layer decomposition for ASR models is
shown in Fig. 6(b). These models integrate LSTM [22] layers and
GRU [23] layers, both of which are computationally intensive. Similar
to NLP models, the shorter input sequences in ASR applications permit
partitioning near initial stages. This observation further underpins the
adaptability of our partitioning approach, as it highlights the capacity
to adjust to diverse model architectures and input characteristics. Fig.
7(b) illustrates the optimal partition point for ASR models, which aligns
with the trend seen in NLP applications.

Our investigation across CV, NLP, and ASR models reveals that
optimal partitioning strategies are strongly influenced by model archi-
tectures and input characteristics:

+ In CV models, convolutional layers typically expand data di-
mensionality, whereas global average pooling layers substantially
reduce it. Models with similarly sized fully connected and activa-
tion layers exhibit negligible variation in per-layer latency and

data size. Critically, the optimal partition point in CV models de-
pends on their topological structure, with mid-layer partitioning
often proving most effective.

NLP models, in contrast, process temporally dependent inputs
through embedding and recurrent layers, which impose high com-
putational demands due to sequential processing. Their shorter
input sequences facilitate early-stage partitioning, with optimal
split points occurring closer to the input layers. This strategy ef-
fectively balances computational load between client and server.
ASR models demonstrate analogous behavior, employing
compute-intensive GRU and LSTM layers. Similar to NLP mod-
els, their shorter input sequences enable favorable partition-
ing near the initial layers, reinforcing the observed trend in
sequence-based architectures.

These findings not only demonstrate the versatility of our approach
across multiple domains but also reveal the need for a dynamic par-
titioning system that can adapt to the specific characteristics of each
model.

4.4. Multi-model validation and benchmarking

Building upon the exploration of partitioning strategies across di-
verse application domains in Section 4.3, this section is designed to
further verify and consolidate the findings. Specifically, experiments
in Section 4.3 revealed that different model architectures and input
characteristics significantly influence optimal partitioning strategies,
with CV models benefiting from middle layer partitioning, and NLP
and ASR models favoring partitioning near the initial layers due to
their temporal dependencies and shorter input sequences. To ensure
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Fig. 8. Predicted partition points by nnWeb with WiFi on integrated graphics. The blue arrow is the optimal partition points predicted by nnWeb. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3

Benchmark specifications.
APP Network Input Layers
Ccv MobilenetV2 Image 156
Ccv ResNet50 Image 177
cv UNet Image 31
NLP Trivial expert Word vectors 5
ASR Speech commandsV2 Speech commands 17

the reliability and validity of these insights, we employ four distinct
models in Table 3 to rigorously assess the accuracy of nnWeb predic-
tions regarding optimal partition points under real-world conditions,
particularly using WiFi on integrated graphics.

Fig. 8 shows the comparison between the predicted partition points
of nnWeb and the actual measured total latency. The experimental

results demonstrate the high prediction accuracy and reliability of
nnWeb. As shown in Fig. 8(a) and (b), for CV models, communication
latency is the dominant factor in total latency, significantly outweigh-
ing layer latency, while the partition point generates minimal output
data. Fig. 8(c) and (d) show that for NLP and ASR models, which are
characterized by small input data and long RNN layer execution times,
server-side inference emerges as the optimal solution.

In Fig. 9, we compare the average communication latency and
output data size at the partition point with the average values of all
layers before and after it. For CV models such as ResNet50, commu-
nication latency constitutes a substantial portion of the total latency.
Notably, in MobilenetV2, although the partition point’s latency is not
the smallest compared to the average latencies before and after, the
data output at the partition point is minimal. This observation aligns
with the nnWeb prediction in Fig. 8, where the communication time at
the optimal partition point for CV models is relatively small compared
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Fig. 10. Latency speedup achieved by nnWeb normalized to the status quo approach.

to other partition points. For NLP and ASR models, given the minimal
input data size and the relatively large execution time of RNN layers,
server-side inference emerges as the optimal choice. This conclusion
also corresponds to the optimal partition point predicted by nnWeb in
Fig. 8.

4.5. Assessment of latency optimization in nnWeb

In this section, we evaluate the performance of nnWeb in optimizing
total latency across diverse configurations and application domains.
The assessment is conducted by analyzing the partition point selection
and the corresponding latency improvements achieved by nnWeb in
comparison to existing approaches.

Partition point selection. Table 4 presents the partition point
choices for latency optimization across 32 configurations, encompass-
ing seven models from TensorFlow.js model library [27], two wireless
network types, and two GPU backends. nnWeb consistently identifies
the optimal partition points for minimizing total latency across all
permutations of models and configurations. For instance, in CV models
such as MobilenetV1l and MobileNetV2, nnWeb selects middle-layer
partition points (e.g., dw6, pw6) under WiFi conditions, aligning with
the findings in Section 4.4 that middle-layer partitioning is beneficial
for CV models. In contrast, for NLP and ASR models, nnWeb pre-
dominantly opts for server-side inference due to their computationally
intensive layers and shorter input sequences, which corroborates the
earlier observations in Section 4.4.

Latency improvement. Fig. 10 illustrates the latency improve-
ments achieved by nnWeb relative to current methods across seven
benchmarks on WiFi and 4G networks. The results demonstrate that
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Table 4
nnWeb’s prediction partition points for best total latency.
Models Integrated graphics Discrete graphics
4G WiFi 4G WiFi
MobilenetV1 Argmax dwé Argmax dw6
MobilenetV2 Argmax pwé Argmax pwé
ResNet50 Argmax conv3.1.1 Argmax conv3.1.1
Spam detection Server Server Server Server
Trivial expert Server Server Server Server
Speech commandsV1 convl bn4 bn4 dense3
Speech commandsV2 Server Server Server Server

nnWeb significantly reduces total latency across diverse application
domains and hardware configurations. For CV applications, nnWeb
achieves substantial latency acceleration, particularly when configured
with high-end GPUs. For NLP applications, nnWeb delivers significant
latency reductions under WiFi conditions by leveraging the computa-
tional power of the server. In the case of ASR applications, nnWeb
identifies that performing the entire model on the server yields the opti-
mal latency performance. Across all validated configurations, nnWeb’s
chosen inference modes result in time savings of up to 30% on the cloud
server and 52% on the browser, with peak improvements of 33% and
69%, respectively.

Comparing nnWeb to baseline. To further validate the effective-
ness of nnWeb, we compare its hierarchical performance prediction
capabilities with those of Neurosurgeon [18] on the VGG model. In
comparison to Neurosurgeon, our profile model has been significantly
enhanced through the incorporation of a more extensive range of layer
types and a substantially larger volume of input data. This refinement
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Fig. 11. Comparison of nnWeb and Neurosurgeon [18]. (a) Comparison of total latency grouped by layer. (b) Average error rates across layers.

results in markedly improved prediction accuracy. Neurosurgeon relies
on the conventional heterogeneous computing framework of mobile
device CPUs/GPUs and cloud server resources. This reliance inherently
imposes limitations on its scalability and cross-platform capabilities
when contrasted with nnWeb, which is built upon the WebGPU foun-
dation. Furthermore, nnWeb adopts an asynchronous pipeline during
both the model loading and inference phases, leveraging the asyn-
chronous execution capabilities of WebGPU. This stands in contrast to
Neurosurgeon’s sequential pipeline approach and thereby offers greater
efficiency in task execution.

We aggregate predicted latency by layer categories and compare it
with actual latency. As shown in Fig. 11(a), the predicted execution
times generated by nnWeb are significantly closer to the actual mea-
sured times than those predicted by Neurosurgeon. Fig. 11(b) displays
the average error rates for several layers on the test model. The simpler
regression prediction model employed by Neurosurgeon, which uses
fewer input variables, produces larger prediction errors. In contrast,
the enhanced regression prediction model developed for nnWeb, which
incorporates additional input variables and categories, yields smaller
prediction errors. These results underscore the superior accuracy of
nnWeb in performance prediction and further validate its reliability as
a dynamic partitioning system.

The experimental evidence highlights the ability of nnWeb to dy-
namically adapt partitioning strategies based on model architecture, in-
put characteristics, and network conditions. This adaptability is critical
for optimizing computational efficiency and communication overhead
in modern Al systems. The consistent performance improvements and
prediction accuracy observed across diverse configurations validate the
effectiveness of nnWeb as a dynamic partitioning system capable of
addressing the unique demands of various application domains.

4.6. Assessment of nnWeb’s energy optimization

In accordance with Eq. (5) from Section 3.2, we further evaluate
the partitioning strategy based on energy consumption metrics. We
continue to utilize the benchmarks from Table 3. Fig. 12 illustrates a
comparison between the predicted partition points of nnWeb and the
actual measured total energy consumption. It can be observed that, in
contrast to the latency perspective where communication latency holds
a significant proportion, from the energy consumption perspective,
communication energy consumption becomes the least critical factor.
This indicates that when optimizing the end-to-end performance of a
system, it is essential to select appropriate optimization metrics based
on specific scenarios.

Furthermore, in Fig. 12, MobilenetV2, ResNet50, and Trivial expert
tend to operate primarily on the server. This is attributed to the fact

11

that these models have a relatively low total computational load, and
the server GPU demonstrates a significantly higher energy efficiency
compared to the integrated graphics card, making server operation the
optimal energy efficiency trade-off.

For UNet and Speech commandsV2, they choose to operate solely on
the client browser, indicating that in these types of models, migrating a
layer to the server results in an increase in server energy consumption
that exceeds the reduction in local energy consumption. This may be
because these two types of models have a high computational load and
feature a large number of concatenation or loop structures in their latter
halves. Although there is a slight decline in computational performance
on the low-power local hardware, it can achieve a more energy-saving
effect.

Moreover, the energy consumption for each application under
client-only, server-only, and optimally partitioned configurations is
reported in Fig. 12 and summarized in Table 5. The table presents the
total energy consumption at the optimal partition points, along with the
corresponding reduction in energy usage compared to the client-only
and server-only baselines. Results show that, by identifying optimal
partition points using nnWeb, total system energy consumption can be
reduced by 11.29% to 43.98%.

4.7. Robustness under local load and network variations

In this section, we examine the robustness of nnWeb under varying
local load and network conditions. The analysis focuses on two key
aspects: the impact of local load variations and the system’s response
to network bandwidth fluctuations.

Impact of local load variations. Fig. 13(a) illustrates how nnWeb
adapts to varying levels of local load. As the local load increases,
nnWeb dynamically adjusts its partitioning strategy. The results in-
dicate that when the local load is high, executing all layers of the
model on the server becomes the optimal choice. This observation
highlights nnWeb’s ability to balance computational efficiency and
communication overhead based on load demands.

Adapting to network fluctuations. Fig. 13(b) depicts the fluctua-
tions in wireless bandwidth over time (top black line) and compares the
total latency of cloud-only processing versus nnWeb (bottom lines). The
experiment reveals that server-only processing is highly susceptible to
network variations, leading to significant latency increases during low-
bandwidth phases. In contrast, nnWeb demonstrates robustness against
network fluctuations by adaptively adjusting its partitioning choices
and data transfer volumes based on available bandwidth. This adapt-
ability ensures consistent performance even under varying network
conditions.
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Fig. 12. nnWeb’s prediction partition points with WiFi on integrated graphics. The blue arrow is the optimal partition points predicted by nnWeb.
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Adapting to various network environments. As shown in Table
4, nnWeb selects different partition points for CV models under varying
network conditions, whereas the partition points for ASR and NLP
models remain unchanged. This observation aligns with the findings in
Section 4.4, where it was demonstrated that, for CV models, commu-
nication latency is the dominant contributor to total system latency.
Consequently, nnWeb dynamically adjusts the model partition point

according to the current network conditions to minimize total latency.

In contrast, for ASR and NLP models, the proportion of communica-
tion latency is significantly smaller compared to computation latency.
As a result, changes in network bandwidth have minimal impact on
their optimal partitioning decisions. To further validate this behavior,
we select three representative computer vision models—MobilenetV2,
ResNet50, and U-Net—and evaluated nnWeb’s partitioning decisions
under three network conditions (4G, WiFi and 5G), with bandwidth
values referenced from Rochman et al. [28]. The results are illustrated
in Fig. 14. As the available bandwidth increases, the proportion of

12
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Energy consumption reduction of partition points compared with web-only or server-only.

APP Client-only (J) Server-only (J)  Partition point and Reduction (compared to Reduction (compared to
energy (J) client-only) server-only)
Mobilenetv2 0.8534 0.6633 Server 22.28% -
(0.6633)
ResNet50 0.7731 0.6858 Server 11.29% -
(0.6858)
UNet 0.8322 1.4856 convl9 - 43.98%
(0.8322)
Trivial expert 1.1550 0.7950 Embedding 31.53% 0.52%
(0.7909)
Speech 15.6150 15.6678 densel - 0.34%
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Fig. 13. The impact of local load variations and network fluctuations on nnWeb. (a) Local load impact. (b) Network fluctuation impact.

communication latency decreases significantly. Accordingly, nnWeb
tends to offload a greater portion of computation to the server. This
trend is most evident in the case of the U-Net model. Since the impact of
communication latency becomes negligible at higher bandwidths, and
the server typically offers superior computational resources compared
to the client, fully delegating model inference to the server becomes
the optimal strategy for minimizing total system latency.

The experimental results highlight the effectiveness of nnWeb in
dynamically adapting to variations in local load and network condi-
tions. By intelligently adjusting partitioning strategies, nnWeb is able
to maintain optimal performance under diverse operational scenarios,
thereby reinforcing its value as a dynamic partitioning system for
modern Al applications.

5. Discussion

In this study, we have introduced nnWeb, an innovative dynamic
partitioning system designed to optimize collaborative computing be-
tween mobile devices and servers. Our experimental findings provide
compelling evidence of the efficacy of nnWeb in reducing latency
and energy consumption. However, further exploration reveals several
areas that warrant deeper investigation.

5.1. Multi-objective optimization

While nnWeb has achieved remarkable results in optimizing latency
and energy consumption, the current research is predominantly focused
on single-objective optimization, either latency or energy. In practical
applications, system designers are often required to balance multiple
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objectives, such as latency, energy consumption, and hardware costs. At
present, nnWeb’s optimization strategy is limited to considering only la-
tency and energy, with other critical factors such as hardware costs and
model accuracy loss remaining unaddressed. Future research should
explore multi-objective optimization methodologies to accommodate
the diverse and often competing demands encountered in real-world
scenarios.

To address these challenges, several multi-objective optimization
techniques can be employed. For instance, Pareto optimization algo-
rithms and evolutionary algorithms have been extensively applied in
distributed computing systems and resource allocation problems [29].
These methods are particularly effective in identifying Pareto-optimal
trade-offs among conflicting objectives such as latency, energy con-
sumption, and computational resource utilization. When applied to
nnWeb, these methods enable the systematic exploration of solution
spaces to balance workload distribution, communication overhead,
and service quality requirements. By leveraging evolutionary mech-
anisms, they can dynamically adapt to heterogeneous resource con-
straints and stochastic workload patterns, thereby optimizing end-to-
end performance while maintaining robustness in dynamic edge-cloud
environments.

5.2. Reinforcement learning integration

The prediction model of nnWeb is trained using an offline approach,
which relies on pre-collected data to model layer latency and energy
consumption. While this method provides a solid foundation, it may
not fully adapt to the dynamic variations encountered during actual
operation. The inherent limitation of offline training is its inability to
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capture the nuanced changes that occur during system operation, which
can lead to discrepancies between predicted and actual performance.

To mitigate this issue, the integration of reinforcement learning
(RL) into nnWeb’s framework is proposed. RL has demonstrated re-
markable adaptability in dynamic systems by interacting with the
environment to adjust strategies in real-time [30]. For example, RL
has been successfully applied for real-time optimization in network
traffic management [31] and autonomous driving systems [32]. By
incorporating RL into nnWeb, the system could dynamically refine
its partitioning strategies based on real-time operational conditions,
thereby enhancing both the robustness and predictive accuracy of the
system.

5.3. Attention-based model architectures

Current research in neural network partitioning predominantly ad-
dresses conventional architectures such as CNNs, ResNets, and RNNs,
which exhibit sequential and largely linear layer structures. These
traditional models lend themselves well to established partitioning
paradigms due to their inherent structural simplicity. However, the
rapid evolution of neural network architectures has introduced signif-
icantly more complex, non-linear designs, most notably Transformer-
based models [33] incorporating sophisticated attention mechanisms.

Despite their widespread adoption and superior performance across
various domains, the partitioning of Transformer architectures remains
understudied. Unlike their CNN or RNN counterparts, Transformers
present unique challenges for model partitioning due to their non-
sequential organization, dynamic computational graphs, and the com-
plex interdependencies introduced by self-attention mechanisms. These
architectural innovations fundamentally alter the computational char-
acteristics and memory access patterns, rendering traditional parti-
tioning approaches suboptimal. Consequently, to ensure the sustained
relevance of nnWeb in the face of evolving model architectures, there
exists a critical need for novel partitioning strategies specifically de-
signed to address the distinctive requirements of modern attention-
based architectures.

6. Related works

Deep learning in browser. Web browsers have emerged as a
pivotal platform for the widespread adoption of deep learning (DL)
technologies, offering significant advantages over traditional native
applications. Unlike native applications, which require installation and
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upgrades, web browsers eliminate these barriers, lowering the thresh-
old for end-users and accelerating the deployment of DL services.
Moreover, in-browser inference avoids transmitting user data to remote
servers, thereby preserving user privacy and attracting substantial re-
search attention [15,34-36]. In-browser inference has empowered var-
ious innovative functionalities in web applications. Examples include
facial contour analysis for optimized online meetings, face detection,
age estimation based on facial images, and music generation according
to user interactions [37]. These applications highlight the potential
of in-browser inference to enhance user experiences across diverse
domains.

However, despite these advantages, in-browser inference faces no-
table performance challenges. Studies indicate that compared to local
platforms, in-browser inference exhibits significantly higher latency on
both CPU and GPU, averaging 16.9x and 4.9x higher, respectively.
Additionally, the memory requirements for in-browser inference can
be extremely demanding, sometimes exceeding the memory footprint of
the DL models themselves by 334.6x, which brings a significant energy
cost.

To address these limitations, researchers have explored various
optimization strategies to enhance the performance and efficiency of
in-browser inference. Neural network compression techniques, such as
pruning, quantization, and distillation, have been employed to reduce
large-scale models into smaller, more efficient versions suitable for
edge devices. Furthermore, the integration of hardware accelerators
like GPUs, ASICs, and FPGAs has bolstered cloud computing capabil-
ities. Despite these advancements, existing techniques still fall short
of fully meeting the stringent requirements for inference accuracy and
efficiency in browser platforms.

In addition to the work on the utilization and efficiency of data
center systems [38-44], various algorithm optimization techniques
have been proposed. For instance, neural network compression meth-
ods [45,46] prune large-scale neural network models into smaller ones
with lower computational demands, effectively enabling deployment on
edge devices. Furthermore, to enhance cloud computing capabilities, a
variety of accelerators such as GPUs, ASICs, and FPGAs have been intro-
duced for data centers [47]. 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. Computation offloading has emerged as a
critical strategy for enhancing the performance of resource-constrained
devices by leveraging remote computational resources. This technique
involves transferring computationally intensive tasks from edge de-
vices to powerful servers or cloud platforms, thereby reducing local
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processing burdens and improving overall system efficiency. However,
the effectiveness of offloading is heavily influenced by factors such as
network latency, bandwidth constraints, and dynamic resource avail-
ability. Among these, transmission latency stands out as one of the most
significant factors affecting computation offloading and serves as a core
metric for evaluating network quality of service [48].

The primary objectives of computation offloading are to minimize
end-to-end latency, reduce energy consumption, and optimize resource
utilization. For latency-sensitive applications such as real-time object
detection or speech recognition, offloading can significantly reduce
inference time by balancing local and remote computations [49,50].
Energy efficiency is also a critical concern for battery-powered de-
vices, as offloading energy-intensive tasks to remote servers can extend
operational lifetimes [51].

Offloading strategies can be broadly categorized into two types: full
offloading and partial offloading. Full offloading transfers the entire
task to a remote server, which is most suitable when data transmission
costs are negligible compared to local processing delays [52]. Partial of-
floading is a strategy that partitions computational tasks between edge
devices and remote servers, aiming to optimize both communication
and computation costs [53]. Various algorithms have been proposed
to enhance application performance through computation offloading,
with partial offloading being particularly effective in scenarios where
balancing local and remote resources is critical [54-57]. A notable
example of this approach is Neurosurgeon, a system developed by Kang
et al. [18]. Neurosurgeon demonstrates the practical implementation
of partial offloading by automatically dividing neural network models
between mobile devices and servers at the granularity of individual
layers. This method not only reduces communication overhead but
also ensures efficient utilization of computational resources on both
ends, highlighting the potential of partial offloading in optimizing
performance for complex applications.

7. Conclusion

In this paper, we introduce nnWeb, a comprehensive framework
designed to expedite browser-based deep neural network (DNN) infer-
ence via synergistic client-server execution. By constructing precise,
layer-level performance and energy models through offline profiling
and harnessing WebGPU’s asynchronous APIs to overlap initialization
and computation, nnWeb fundamentally reshapes the latency profile
of web inference. The framework dynamically adjusts to fluctuating
network conditions and heterogeneous device capabilities, achieving up
to 30% latency reduction on cloud servers and up to 52% in browsers,
while decreasing overall system energy consumption by 11.29% to
43.98%. nnWeb exhibits robust performance across diverse applica-
tion domains—including computer vision, natural language processing,
and speech recognition. Future work will investigate multi-objective
optimization, the integration of reinforcement learning for continuous
adaptation, and support for non-sequential model architectures to fur-
ther extend nnWeb’s versatility. Collectively, nnWeb lays a solid foun-
dation for the efficient deployment of Al applications in heterogeneous
environments.
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