
Anole: Adapting Diverse Compressed Models for
Cross-scene Prediction on Mobile Devices

Yunzhe Li∗, Hongzi Zhu∗, Zhuohong Deng∗, Yunlong Cheng∗, Liang Zhang∗, Shan Chang†, Minyi Guo∗
∗Shanghai Jiao Tong University, † Donghua University

Abstract—Emerging Artificial Intelligence of Things (AIoT)
applications desire online prediction using deep neural network
(DNN) models on mobile devices. However, due to the movement
of devices, unfamiliar test samples constantly appear, significantly
affecting the prediction accuracy of a pre-trained DNN. In
addition, unstable network connection calls for local model
inference. In this paper, we propose a light-weight scheme, called
Anole, to cope with the local DNN model inference on mobile
devices. The core idea of Anole is to first establish an army
of compact DNN models, and then adaptively select the model
fitting the current test sample best for online inference. The key
is to automatically identify model-friendly scenes for training
scene-specific DNN models. To this end, we design a weakly-
supervised scene representation learning algorithm by combining
both human heuristics and feature similarity in separating scenes.
Moreover, we further train a model classifier to predict the best-
fit scene-specific DNN model for each test sample. We implement
Anole on different types of mobile devices and conduct extensive
trace-driven and real-world experiments based on unmanned
aerial vehicles (UAVs). The results demonstrate that Anole
outwits the method of using a versatile large DNN in terms of
prediction accuracy (4.5% higher), response time (33.1% faster)
and power consumption (45.1% lower).

I. INTRODUCTION

Motivation. Last decade has witnessed the booming de-
velopment of Artificial Intelligence of Things (AIoT), an
emerging computing paradigm that marries artificial intelli-
gence (AI) and Internet of Things (IoT) technologies to enable
independent decision-making at each component level of the
interconnected system. In many AIoT scenarios, deep neural
network (DNN) model inference (i.e., prediction) tasks are
required to execute on mobile devices, referred to as the online
mobile inference (OMI) problem, with stringent accuracy and
latency requirements. For example, unmanned aerial vehicles
(UAVs) need to constantly detect surrounding objects in real
time [1]; a dash cam mounted on a vehicle needs to perform
continuous image object detection [2]; robots in smart factories
need to detect objects in production lines in real time, and
interact with human workers and other robots [3].

To address the OMI problem, however, is demanding for
two reasons as follows. First, given that mobile devices con-
stantly experience scene changes while moving (e.g., due to
various lighting conditions, weather conditions, and viewing
angles), the output of DNNs should remain reliable and accu-
rate. Training a statistical learning DNN on a given dataset,
as in normal deep learning paradigm, becomes difficult to
guarantee the robustness, interpretability and correctness of the
output of the statistical learning models when data samples are
out-of-distribution (OOD) [4]. Second, the response time for

model inference should satisfy a rigid delay budget to support
real-time interactions with these devices. As mobile devices
are resource-constrained in terms of computation, storage and
energy, they cannot handle large DNNs. Though it would be
beneficial to offload a part of or even entire inference tasks
to a remote cloud, unstable communication between mobile
devices and the cloud may lead to unpredictable delay.

In the literature, much effort has been made to improve
DNN model inference accuracy on mobile devices but in
static scenarios. One main branch aims to develop DNNs
specially designed for mobile devices [5]–[8] or to compress
(e.g., via model pruning and quantization) existing DNNs
to match the computing capability of a mobile device [9],
[10]. Such schemes ensure real-time model inference at the
expense of compromised accuracy, especially when dealing
with OOD data samples. Another branch is to divide DNNs
and perform collaborative inference on both edge devices and
the cloud [11]–[13], or to transmit compressed sensory data
to the cloud for data recovery and model inference [14], [15].
These approaches need coordination with the cloud for each
inference, leading to unpredictable inference delays when the
communication link is unstable or disconnected. As a result,
to the best of our knowledge, there is no successful solution
to the OMI problem yet.

Our approach. We propose Anole, which enables online
model inference on mobile devices in dynamic scenes. We
have the insight that a compressed DNN targeted for a
particular scene (i.e., data distribution) can achieve comparable
inference accuracy provided by a fully-fledged large DNN. The
core idea of Anole is to first establish a colony of compressed
scene-specific DNNs, and then adaptively select the model best
suiting the current test sample for online inference. To this end,
it is essential to identify scenes from the perspective of DNN
models. We design a weakly-supervised scene representation
learning scheme by combining both human heuristics and
feature similarity in separating scenes. After that, for each
identified scene, an individual compressed DNN model can
be trained. Furthermore, we train a model classifier to predict
the best-fit compressed DNN models for use during online
inference. As a result, compelling prediction accuracy can be
achieved on mobile devices by actively recruiting most capable
compressed models, without any intervention with the cloud.

Challenges and contributions. The Anole design faces
three main challenges. First, how to obtain model-friendly
scenes and train scene-specific DNNs from public datasets
is unclear, as the distribution that a DNN model can char-



acterize is implicit. One naive way is to use semantic at-
tributes (e.g., time, location, weather and light conditions)
of data to define scenes of similar data samples. However,
as shown in our empirical study, DNNs trained on such
scenes cannot reach satisfactory prediction accuracy even on
their respective training scenes. To tackle this challenge, we
design a scene representation learning algorithm that combines
semantic similarity and feature similarity of data to filter out
scenes. Specifically, human heuristic is first used to define
scenes of similar semantic attribute values, referred to as
semantic scenes. Then, a scene representation model, denoted
as Mscene, is trained using the indices of semantic scenes
as labels. After that, we can obtain embeddings of all data
samples extracted with Mscene and believe such embeddings
can well characterize semantic information. Therefore, by
conducting multi-granularity clustering on these embeddings,
we can obtain clusters of data samples with similar semantic
information in feature space, referred to as model-friendly
scenes. Finally, a compressed DNN can be trained on each
model-friendly scene, constituting a model repository for use.

Second, given a test sample, how to determine the best-
fit models or whether such models even exist in the model
repository is hard to tell. To deal with this challenge, we train
a model classifier, denoted as Mdecision, to predict the best
model for use. Specifically, for each model-friendly scene, we
select those data samples in the scene that can be accurately
predicted by the corresponding DNN and use the index of
the DNN as the label to train Mdecision. Instead of testing
all data samples, we use Thompson sampling to establish
balanced training sets at a low computational cost. With a
well-trained Mdecision, the most suitable compressed models
can be predicted and the prediction confidence can be used to
indicate whether such models exist.

Last, how to deploy those pre-trained compressed DNNs
on mobile devices with constrained memory is non-trivial.
We have the observation that the utility of models follows
a power-law distribution over all test videos. This implies that
it is feasible to cache a small number of most frequently used
compressed models and take a least frequently used (LFU)
model replacement strategy.

We implement Anole on three typical mobile devices, i.e.,
Jetson Nano, Jetson TX2 NX and a laptop, with each equipped
with a CPU/MCU and an entry-level GPU, to conduct the
image object detection task on moving vehicles. Specifically,
we train the Mscene based on Resnet18 [16], a pack of
19 compressed DNNs based on YOLOv3-tiny [17], and the
Mdecision based on Resnet18 accordingly, using three driv-
ing video datasets collected from multiple cities in different
counties. We conduct extensive trace-driven and real-world
experiments using UAVs. Results demonstrate that Anole is
lightweight and agile to switch best models with low latencies
of 61.0 ms, 13.9 ms, and 52.0 ms on Jetson Nano, Jetson
TX2 NX, and the laptop, respectively. In cross-scene (i.e.,
seen but fast-changing scenes) setting, Anole can achieve a
high F1 prediction accuracy of 56.4% whereas the F1 score
of a general large DNN model and a general compact DNN

are 50.7% and 45.9%, respectively. In hard new-scene (i.e.,
unseen scenes) setting, Anole can maintain a high F1 score of
48.7% whereas the F1 score of the general large DNN and the
general compact DNN drops to 46.6% and 41.1%, respectively.

We highlight the main contributions made in this paper as
follows: 1) A new solution to the OMI problem by recruit-
ing a pack of compact but specialized models on resource-
constrained mobile devices, without any intervention with the
cloud during online model inference; 2) A scene partition
method that effectively facilitates the training of specialized
models by leveraging both semantic and feature similarity of
the data; 3) We have implemented Anole on typical mobile
devices and conducted extensive trace-driven and real-world
experiments, the results of which demonstrate the efficacy of
Anole.

II. PROBLEM DEFINITION

A. System Model

We consider three types of entities in the system:
• Mobile devices: Mobile devices have constrained compu-

tational power and a limited amount of memory but are
affordable for running and storing compressed DNNs. Such
devices may be moving while performing online inference
tasks at the same time. They are battery-powered, desiring
lightweight operations. In addition, they can communicate
with a cloud server via an unstable wireless network con-
nection for offline model training and downloading.

• Cloud server: A cloud server has sufficient computational
power and storage for offline model training. During online
inference, the cloud server is not involved.

• Complex environment: We consider practical environments
where background objects and light conditions have distinct
spatial and temporal distributions. When mobile devices
move in such a complex environment, they constantly ex-
perience fast scene changes.

B. Problem Formulation

Given the set of all available labeled data, denoted as D, a
compressed DNN model, denoted as Mi, can be trained on
a particular dataset, denoted as Γi, which is a subset of D,
i.e., Γi ⊆ D for i ∈ N. For instance, Γi can be established
based on some semantic attributes of data. Assume that a
set of n models {M1,M2, · · · ,Mn} have been pre-trained
on respective training datasets {Γ1,Γ2, · · · ,Γn} and the im-
plicit data distributions that those models can characterize are
{Ψ1,Ψ2, · · · ,Ψn}, respectively, which means that if a data
sample x ∈ Ψi for i ∈ [1, n], model Mi guarantees to output
accurate prediction for x. We have the following proposition:

Proposition 1. Though Mi is trained on Γi, not all data
samples in Γi necessarily belong to Ψi, i.e., Γi ̸⊂ Ψi.

As illustrated in Figure 1, given D, we can train such a
set of n models M = {M1,M2, · · · ,Mn} so that D ⊂⋃n

i=1 Ψi. As in mobile settings, any data sample x ∈ U can be
encountered where U is the universal set of all possible data,
the online mobile inference problem is to identify an optimal
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Fig. 1: Illustration of the online mobile inference problem, where data
distributions characterized by statistical models (depicted as dashed disks)
are implicit and not easy to understand.

subset of M , denoted as M∗, that maximize the prediction
accuracy for x. The problem can be discussed in the following
three cases of different difficulties: 1) x ∈ D: in this case, M∗

is known since x is seen before, i.e., M∗ = {Mi : x ∈ Ψi, i ∈
[1, n]}; 2) x /∈ D and x ∈

⋃n
i=1 Ψi: in this case, x is not seen

before and M∗ = {Mi : x ∈ Ψi, i ∈ [1, n]} exists but how to
find the M∗ is hard; 3) x ∈ U −

⋃n
i=1 Ψi: in this case, as x is

not seen before and M∗ does not exist regarding existing M ,
how to make best-effort online prediction for x is challenging.
A remedy for this case is to train new models to deal with x
and the like in the future.

The main difficulty of the online mobile inference problem
lies in how to determine whether an unseen x belongs to Ψi for
i ∈ [1, n]. According to Proposition 1, simply comparing the
similarity of semantic attributes between x and Γi for i ∈ [1, n]
would not work. Another concern is how to achieve the best-
effort inference accuracy within a specific latency budget even
if M∗ does not exist.

III. EMPIRICAL STUDY

We first investigate how DNNs behave in mobile settings,
taking the typical online object detection as the example task.

A. Driving Video Datasets

We consider three representative driving video/image
datasets as follows:
• KITTI [18]: comprises 389 stereo and optical flow image

pairs, stereo visual odometry sequences of 39.2 km length,
and more than 200k 3D object annotations captured in clut-
tered scenarios (up to 15 cars and 30 pedestrians are visible
per image). For online object detection, KITTI consists of
21 training sequences and 29 test sequences.

• BDD100k [19]: contains over 100k video clips regarding
ten autonomous driving tasks. Clips of 720p and 30fps were
collected from more than 50 thousand rides in New York
city and San Francisco Bay Area, USA. Each clip lasts for
40 seconds and is associated with semantic attributes such
as the scene type (e.g., city, streets, residential areas, and
highways), weather condition and the time of the day.

• SHD: contains 100 driving video clips of one minute
recorded in March 2022 with a 1080p dashcam in Shanghai
city, China. Clips were collected from ten typical scenarios,
including highway, typical surface roads, and tunnels, at
different time in the day. LabelImg [20] is employed to label
objects in all images.
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Fig. 2: The dataset of 64 randomly selected driving video clips demonstrates
a large diversity in terms of image light conditions and foreground object
distributions.

We random select 10 video clips from KITTI, 44 clips
from BDD100k, and 10 clips from SHD, forming a dataset
of 64 video clips containing 16,145 image samples in various
scenarios. Figure 2 shows the cumulative distribution functions
(CDFs) about foreground objects and illumination condition
over all frames in the dataset, demonstrating diverse driving
scenarios. We partition these 64 clips into seen (i.e., involved
in model training) and unseen (i.e., not used in model training)
categories with a ratio of 9:1. For each seen clip, we further
divide frames into training, validation, and testing image sets
with a ratio of 6:2:2.

B. Mobile Inference Accuracy Analysis

We first train a big object detection model based on
YOLOv3, denoted asMbig , and a compressed object detection
model based on YOLOv3-tiny, denoted as M0, using all
available training data of 8,714 images in seen clips. Grid
search is used to choose the hyper-parameters during model
training. Particularly,Mbig incurs 10× computational cost for
inference compared to M0.

Then, we further define ten distinct scenes, denoted as Γi for
i ∈ [1, 10], based on the associated semantic attributes of all
available training samples, such as {good weather, daytime,
urban}, and for each scene, we train a compressed object
detection models, denoted as Mi for i ∈ [1, 10].

Figure 3(a) plots the boxplot of the F1 score obtained with
different models on all the 58 testing sets of seen clips. It
can be seen that the general compressed model M0 is not
the best compressed model. Moreover, we have the following
observation:
Observation 1. Though any single compressed model gen-
erally has a lower prediction accuracy than the big model,
there exists a compressed model that can achieve comparable
accuracy as the big model for each specific scene.

From the above observation, it is possible to achieve ap-
pealing inference accuracy of the big model at a low cost
of a compressed model, if we can identify an appropriate
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(b) Heatmap of normalized F1 score tested on ten
selected scenes defined with semantic attributes
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(c) Heatmap of normalized F1 score tested on ten
selected scenes defined based on feature similarity

Fig. 3: A best-fit compressed model can achieve comparable prediction accuracy provided by a large DNN, whereas compressed DNNs trained using existing
scene partitioning methods fail to perform well on their corresponding training dataset.

compressed model that best fits the current test sample. An
intuitive model selection scheme is to choose the compressed
model Mk trained on the dataset Γk with similar semantic
attribute values to the current test sample. This idea assumes
that Γk ⊂ Ψk. Figure 3(b) plots the normalized F1 score for
eachMk tested on each Γk. It can be seen that the highest F1
scores do not consistently appear along the diagonal, which
makes the intuitive model selection scheme hard to work.
Another scheme is to define scenes based on feature similarity,
where data samples with similar features are clustered. Given
identified scenes, compressed DNNs can be trained and the
best DNN can be selected according to the feature similarity
between the test samples and existing scenes. Similar model
selection results can be seen in Figure 3(c).

IV. OVERVIEW OF ANOLE

As illustrated in Figure 4, Anole consists of two parts, i.e.,
offline scene profiling and online model inference.

Offline Scene Profiling (OSP). OSP is deployed on cloud
servers for offline scene partitioning and scene-specific model
training, which integrates three components as follows:

1) Training Compressed Models (TCM): Given the avail-
able labelled dataset D, TCM first divides D into ap-
propriate training datasets and train a scene representation
model Mscene and a pack of n compressed models M =
{M1,M2, · · · ,Mn};

2) Adaptive Scene Sampling (ASS): As {Ψ1,Ψ2, · · · ,Ψn}
are implicit, ASS is to adaptively sample {Ψ1,Ψ2, · · · ,Ψn}
based on Thompson sampling from all available dataset D to
obtain balanced subsets of {Ψ1,Ψ2, · · · ,Ψn} in D, denoted
as {Ψsub

1 ,Ψsub
2 , · · · ,Ψsub

n }, which can be used as labels for
decision model training;

3) Training Decision Model (TDM): An end-to-end decision
model Mdecision is trained using {Ψsub

1 ,Ψsub
2 , · · · ,Ψsub

n },
which can be used to select suitable compressed models for
testing samples.

Online Model Inference (OMI). OMI is deployed on
mobile devices for online model inference. Before online
inference, pre-trained {M1,M2, · · · ,Mn} and Mdecision

need to be downloaded. The core idea of OMI is to compare
testing data samples with {Ψ1,Ψ2, · · · ,Ψn} in feature space
and select the most suitable compressed models for model
inference. To this end, OMI integrates two components:
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Fig. 4: System architecture of Anole, which consists of the offline scene
profiling on cloud servers and the online model inference on mobile devices.
Communication between both parts is carried out offline.

1) Model Selection Strategy (MSS): During online inference,
test sample, denoted as xtest, will be fed to the Mdecision,
which predicts the suitability probability of Mi for all i ∈
[1, n] with respect to xtest. These probabilities are used for
ranking models.

2) Cache-based Model Deployment (CMD): Given the
model ranking, CMD identifies the model with the highest
suitability probability in the model cache, denoted as Mtest,
for online inference. If the model with the highest suitability
probability is missed, CMD takes the LFU strategy to update
models in the cache.

3) Model Inference (MI): Mtest is applied to xtest for
conducting local prediction.

V. OFFLINE SCENE PROFILING

A. Training Compressed Models

1) Training Dataset Segmentation: We first define seman-
tic scenes based on semantic attributes of data. It is non-
trivial, however, to manually define appropriate scenes as
semantic attributes have different dimensions and different
granularities. For example, for driving images, “urban” and
“daytime” are spatial and temporal attributes, respectively,
in different dimensions; “urban” and “street” are spatial at-
tributes but in different granularities. Scenes defined with fine-
grained attributes would have insufficient number of samples



to train a model whereas scenes defined with coarse-grained
attributes would lose the diversity of models. Specifically, we
heuristically select fine-grained attributes in each orthogonal
dimension to separate data samples into m scenes, denoted as
{Γsem

1 ,Γsem
2 , · · · ,Γsem

m }. For instance, as for driving images,
we define semantic scenes according to 120 combinations of
attributes in three dimensions, i.e., {clear, overcast, rainy,
snowy, foggy} in weather, {highway, urban, residential, park-
ing lot, tunnel, gas station, bridge, toll booth} in location and
{daytime, dawn/dusk, night} in time1.

2) Compressed Model Training: We employ a training
strategy, integrating both semantic similarity and feature sim-
ilarity of data samples to train diverse compressed models,
which consists of the following two steps, as described in
Algorithm 1.

1) Scene Embedding. Given semantic scenes
{Γsem

1 ,Γsem
2 , · · · ,Γsem

m }, we train a scene classifier,
denoted as Mscene, using samples in each Γi and the index
of the scene as label. For each scene dataset Γi for i ∈ [1,m],
the hidden features on the last layer of Mscene, denoted as
Hi, are used as the embeddings of Γi.

2) Model Training with Multi-level Clustering. Instead of
training compressed models directly from Γi for i ∈ [1,m],
we further consider the feature similarity of data samples by
clustering embeddings in all Hi and train compressed models
on obtained clusters. Specifically, to obtain clusters with
different levels of similarity, we conduct multiple k-means [21]
clustering with k varying from 2 over embeddings in all Hi for
i ∈ [1,m]. For each k, all embeddings can be divided into k
clusters, denoted as Hk

j for j ∈ [1, k]. We train a compressed
model, denoted asMk

j , on each clustered scene corresponding
to Hk

j for j ∈ [1, k] and validate its performance. If the
performance ofMk

j exceeds a threshold δ,Mk
j is added to the

compressed model repository. This procedure repeats until a
set of n compressed models {M1,M2, · · · ,Mn} are derived,
where n denotes a preset number for compressed models to
be trained.

B. Adaptive Scene Sampling

To obtain {Ψsub
1 ,Ψsub

2 , · · · ,Ψsub
n }, a straightforward idea

is to randomly pick a number of samples X from D and
test Mi for i ∈ [1, n]. If a Mi can achieve satisfactory
prediction accuracy on sample x ∈ X , x belongs to Ψsub

i . As
{Ψ1,Ψ2, · · · ,Ψn} may be biased in D, such random sampling
algorithm also generates unbalanced {Ψsub

1 ,Ψsub
2 , · · · ,Ψsub

n }.
To solve the unbalanced sampling problem, however, is not
intuitive, because of Proposition 1. Proposition 1 holds that
we can not know a sample belongs to which distribution
from all the distributions those models can characterize (i.e.,
{Ψ1,Ψ2, · · · ,Ψn}) without high computational cost experi-
ments. In order to obtain a balanced {Ψsub

1 ,Ψsub
2 , · · · ,Ψsub

n }
at a low computation cost, we design an adaptive sampling
algorithm based on Thompson sampling [22].

1Note that these scenes are defined at a very fine-grained level, to the extent
that they may not have enough samples to train a satisfactory model. They
will be clustered further to a moderate granularity for model training.

Algorithm 1: Compressed Model Training Algorithm
Input: Semantic-defined scenes Γsem

i for i ∈ [1,m],
preset number n of compressed models to be
trained, threshold δ at which the model
performance meets the required criteria.

Output: Compressed models specific for scenes
Mrep = {M1,M2, · · · ,Mn}.

// Scene embedding.

1 Train the scene embedding model Mscene with the
supervision of semantic information defined in Γsem

i

for i ∈ [1,m];
2 for each Γsem

i do
3 Hi ←Mscene(Γ

sem
i );

// Model training with multi-level clustering.

4 Compressed model repository Mrep ← {}, clustering
number k ← 2;

5 while |Mrep| < n do
6 Cluster on {H1, H2, · · · , Hm} with clustering

number k;
7 Train k compressed models Mk

j for j ∈ [1, k];
8 for each Mk

j do
9 pj ← evaluation performance of Mk

j on its
vaildation set;

10 if pj > δ then
11 M|Mrep|+1 ←Mk

j ;
12 Mrep.append(M|Mrep|+1);

13 k ← k + 1;

14 return Mrep = {M1,M2, · · · ,Mn}

Specifically, in the k-th sampling round for k ∈ N, we first
examine if the training set Γi of Mi for i ∈ [1, n] has been

well sampled by checking |Si| > log(1−θ
1

|Γi| )

log(1− 1
|Γi|

)
, where Si is the

set of samples sampled from Γi; θ is the confidence of being
well sampled; and | · | is the number of elements in a set.

Then, for each training set Γi that has not been well
sampled, we estimate a sampling probability pki based on a
Beta distribution Beta(αk−1

i , βk−1
i ), where αk−1

i and βk−1
i

are the two parameters of the Beta distribution of Γi, updated
in the previous round. As a result, the training set Γk with the
highest sampling probability will be sampled.

Finally, all Beta(αk
i , β

k
i ) will be updated as follow:

Beta(αk
i , β

k
i ) =

{
Beta(αk−1

i + 1, βk−1
i ), if Γi is sampled;

Beta(αk−1
i , βk−1

i + 1), otherwise.

This procedure repeats until a specific number of κ samples
are collected. Figure 5 shows the normalized |Si| for all the
Mi for i ∈ [1, n] where n = 16, using the random sampling
algorithm and our adaptive sampling algorithm, respectively.
It can be seen that our adaptive sampling algorithm can
effectively mitigate the unbalanced sampling problem.
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Fig. 5: (a) An example of compressed models being unevenly sampled with
random sampling; (b) our adaptive sampling algorithm can mitigate the
unbalanced sampling problem.

C. Training Decision Model

Given the sampling results {Ψsub
1 ,Ψsub

2 , · · · ,Ψsub
n }, we

train an end-to-end decision model Mdecision to effectively
represent and distinguish {Ψsub

1 ,Ψsub
2 , · · · ,Ψsub

n } by employ-
ing a parameter-frozen scene representation network Mscene

and neural-network-based classifier.
Specifically, we use Mscene as a backbone neural network

to obtain scene representation, denoted as hs
i , for every data

sample xi ∈ Ψsub
i , i ∈ [1, n]. In this way, hs

i will retain the
scene-related information. The model decision here can be
formulated as a multi-class classification problem. The label
of x for decision model training is a vector, referred to as a
model allocation vector vx = {vxi , i ∈ [1, n]}, where the i-th
element vxi , denotes whether x ∈ Ψsub

i . The cross entropy loss
function [23] is used for training the decision model. Note that
during the training of decision modelMdecision, the parameter
ofMscene is frozen to improve training efficiency and enhance
the generalization of Mdecision [24].

VI. ONLINE MODEL INFERENCE

A. Model Selection Strategy

Given the set of pretrained models {M1,M2, · · · ,Mn}
and decision model Mdecision downloaded from a cloud
server, a mobile device needs to select most suitable com-
pressed models for online inference. Specifically, it utilizes
Mdecision to output the model allocation vector vx for a
testing sample x, i.e., vx = Mdecision(x), where the i-th
element vi indicates the suitability probability that model Mi

is suitable for x. Therefore, we can rank all compressed models
according to their suitability probablities for x using vx. It
should be noted that for the uncertainty of scenario duration,
model selection should be conducted on every testing sample,
taking into account the fast-changing data distributions in the
perspective of compressed models.

B. Cache-based Model Deployment

With the model allocation vector vx = Mdecision(x),
compressed models can be dynamically ranked. Due to the re-
stricted amount of memory on a mobile device, not all models
may be pre-loaded into memory. To deal with this issue, we
investigate the best-effort model deployment strategy.

We examine the inference latency of detecting objects on
five driving video clips, using two DNN models of different
size, i.e., YOLOv3 (237MB) and YOLOv3-tiny (33.8MB), on
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Fig. 6: (a) Average latency of model inference on consecutive frames over all
test clips; (b) the probability of being the top one model, following a long-
tailed distribution.

a Nvidia Jetson TX2 NX (ARM A57 CPU, Nvidia Pascal
GPU with 4GB memory, 32GB flash). Figure 6(a) plots the
average inference latency of the first twenty frames over all
clips. For both models, a huge delay occurs when processing
the first frame. This is mainly attributed to the I/O operation
for model loading and other initialization required by the deep
learning framework such as Pytorch. Therefore, it is preferred
to preload as many models as possible.

Given a limited video memory budget, it is tricky to pre-
load best models in memory. We examine the utility of 19
YOLOv3-tiny compressed models obtained according to the
algorithm stated in §V-A (see §VII-A2 for more details) when
conducting object detection on the five driving video clips.
Figure 6(b) depicts the ratio of being the top one model
over all clips for all compressed models. It can be seen that
the probability of being the best model follows a power-
law distribution. This observation suggests that high-level
inference performance can be sustained by deploying only a
small number of supreme models. Inspired by this observation,
we adopt a Least Frequently Used (LFU) strategy [25] to
update models in GPU memory. In the occasion of a model
miss, the model with the highest suitability probability in GPU
memroy will be used for inference.

VII. EVALUATION

A. Methodology

1) Tasks and Datasets: We evaluate Anole on two mobile
inference tasks, i.e., handwritten digit recognition (HDR)
and vehicle detection on driving videos (VD), based on the
following datasets and real-world experiments.
• Handwritten Digit Datasets: The MNIST dataset [26] con-

tains 70,000 black and white images of handwritten digits.
The images are normalized to a 28×28 pixel bounding box
and anti-aliased. As illustrated in Figure 7, we also construct
two datasets, i.e., rotated MNIST and noisy MNIST, by
applying random rotation ranging from −45◦ to 45◦ and
random gaussian noise with zero mean and a variance of
1 to the original MNIST images, respectively. We mix all
three datasets and partition all images into seen and unseen
categories with a ratio of 3:2. We further divide seen images
into training, validation, and test sets with a ratio of 2:1:1.

• Driving Video Datasets: We use the established driving
video dataset comprising 64 clips randomly selected from
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Fig. 7: Example images in the original and two constructed MNIST datasets.

KITTI, BDD100k and SHD, with seen and unseen data
divided as introduced in §III-A.

2) Implementation: We implement the offline scene pro-
filing on a server equipped with 128GB RAM and 4 Nvidia
2080 Ti GPUs, running a Linux distribution. We implement
online model inference on three typical mobile devices, i.e.,
a Nvidia Jetson Nano, a Nvidia Jetson TX2 NX and a
Windows laptop. Pytorch is employed as the inference engine
and TensorRT [27] is used for the run-time acceleration on
both Jetson devices, running a Linux distribution. OpenCV is
compiled on CPU for balancing the usage of CPU and GPU.
The hardware configurations are shown in Table I. For the
HDR task, because of small image size, we direct conduct
multi-level clustering on image pixels without training the
Mscene and use a multi-layer perceptron (MLP) [28] with two
layers to train theMdecision for its light-weight characteristic.
Compressed models for image classification are trained based
on LeNet [26]. For the VD task, ResNet18 [16] and a MLP
of two layers are used to train theMscene and theMdecision,
respectively. Compressed models for object detection are fine-
tuned on YOLOv3-tiny [17] pre-trained on the COCO [29]
dataset. Details of all deployed models are listed in Table II.
Compressed models are trained with Algorithm 1. A total of
25 and 19 compressed models are trained for the HDR and VD
tasks, respectively, to provide compressed models for inference
in all possible scenes.

TABLE I: Anole is implemented on three different types of mobile devices
with distinct hardware configurations.

Platform CPU GPU GPU Memory Flash/Disk

Jetson Nano ARM A57 Maxwell 2GB 32GB
Jetson TX2 NX ARM A57 Pascal 4GB 32GB

Laptop i7-10750H RTX 2070 8GB 1T

TABLE II: Details of deployed models, where FLOPS of the deep model
YOLOv3 is 10× bigger than YOLOv3-tiny and Resnet18.

Model Task Role FLOPS Weights

LeNet HDR Compress model 31 M 234 KB
MLP HDR Mdecision 3.6 M 935 KB

Resnet18 HDR Deep model 4.69 Bn 44 MB
Resnet50 HDR Deep model 9.74 Bn 87 MB

YOLOv3-tiny VD Compress model 5.56 Bn 34 MB
Resnet18 VD Mscene 4.69 Bn 44 MB

MLP VD Mdecision 3.6 M 935 KB
YOLOv3 VD Deep model 65.86 Bn 237 MB

3) Candidate Methods: We compare Anole with the fol-
lowing candidate methods:
• Single Deep Model (SDM) [17]: One single deep model

is trained with all training samples for online inference. For
the HDR task, a ResNet18 and a ResNet50 are respectively
trained for their supreme image classification performance.
For the VD task, a fully-fledged YOLOv3 is trained.

• Single Shallow Model (SSM) [30]: One single compressed
model is trained with all training samples for online infer-
ence. For the HDR task, a LeNet is trained. For the VD
task, a YOLOv3-tiny is trained.

• Clustering-based Domain Generalization (CDG) [31]:
Compressed models are trained on domains defined by
clustering training data samples in the feature space. During
online prediction, the compressed model trained on the
cluster which has the closest mean compared with the
feature of the test sample is selected for use.

• Dataset-based Multiple Models (DMM): One separate
compressed model is trained on each training dataset, i.e.,
the original, rotated, and noisy MNIST for the HDR task,
the KITTI, BDD100k, and SHD for the VD task. During
online prediction, the compressed model corresponding to
the same dataset as the test sample is selected for use.
4) Metrics: We evaluate the performance of all candidate

methods with respect to inference accuracy and latency. For
the HDR task, accuracy is defined as the proportion of
correctly predicted samples to the total number of test samples.
For the VD task, we use F1 score, defined as F1 = 2·p·r

p+r , where
p and r denote the precision and recall of detection, respec-
tively. We consider the end-to-end delay, i.e., the time duration
from receiving a test sample to obtaining the corresponding
inference result.

B. Effect of Scene Profiling Models

1) Scene Encoder Mscene: For the VD task, we test
Mscene on classifying scenes on the validation set of seen
scenes. Scenes are defined based on the multi-level clustering
results. Figure 8(a) shows the scene classification confusion
matrix of scene encoder Mscene on the validation set. It can
be seen that Mscene works well among almost all scenes.
There also exist some exceptional scenes that are confusing to
Mscene. We merge similar scenes in the feature space before
training compressed models.

2) Decision Model Mdecision: We evaluate the ability of
Mdecision in selecting the top-one model on the validation set
of seen data. Figure 8(b) and Figure 8(c) show the confusion
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Fig. 8: Confusion matrices of scene profiling models, showing high accuracy
for scene encoding and model decision, respectively.
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Fig. 9: (a) Boxplot of scene duration, measured as the number of frames
without model switching; (b) cache miss rate and F1 score as functions of
varying cache sizes.

matrix of theMdecision models predicting best models versus
true best models for the HDR and VD tasks, respectively. It
can be seen thatMdecision have basic model selection ability.
This is because the decision of model selection is based on
the well-trained Mscene, with one scene corresponding to a
group of suitable models. We can also see thatMdecision may
make mistakes on some models,. This is because the top one
model may not be significantly better than other models.

C. Effect of Cache-based Model Update Strategy

To effectively evaluate the effect of our cache-based model
update strategy, we synthesize six fast-changing video clips,
denoted as T1-T6, for the VD task. Specifically, for each
synthesized video clip, we randomly select 5 clips from the
64 clips in the dataset. For each selected clip, we randomly
cut a video segment of 100 frames (from the testing set for
a seen clip) and then splice all video segments, resulting a
synthesized video clip of 500 frames. We then conduct model
inference using Anole on T1-T6.

1) Scene Duration: Figure 9(a) plots the boxplot of scene
duration measured as the number of frames without model
switching on all six synthesized video clips. It can be seen
that scenes change rapidly in the perspective of Mdecision,
with over 80% of scenes lasting fewer than 40 frames and the
mean scene duration less than 20 frames.

2) Cache Miss Rate: Figure 9(b) depicts the cache miss
rate and the F1 score as functions of cache size in the unit of
compressed model size. It can be seen that a cache capable
of loading up to 5 models can sustain a low cache miss rate
and a stable inference accuracy. This observation aligns with
the observation of the long-tail model utility distribution as
shown in Figure 6(b). It is also observed that the inference
accuracy remains satisfactory even for a cache size of 2
models, demonstrating the feasibility of Anole on devices with
extremely limited GPU memory.

D. Cross-scene Experiments

In this experiment, we investigate the performance of all
candidate methods cross fast-changing scenes, using samples
in the test set of seen data. For the VD task, F1 score
is calculated every ten frames to show the instantaneous
performance changes.

1) Performance Comparison: Table III lists the accuracy of
all candidate methods over all cross-scene HDR test images.
Figure 10 plots the CDFs of F1 score of all candidate methods
on each test set of seen data selected from KITTI, BDD100k
and SHD, respectively. For both tasks, Anole outwits other
methods in terms of accuracy. Moreover, other methods ex-
hibit inconsistent performance across different datasets. For
example of the VD task, DMM gains good performance on the
KITTI and SHD datasets, while SDM only performs well on
the BDD100K dataset. This discrepancy arises because DMM
fits simpler datasets whereas SDM is biased towards BDD100k
due to the overwhelming number of training samples.

2) Effect of Data Segmentation and Model Adaptation: It
is a common practice to train an individual model on each
datasets (i.e., DMM) or to segment a dataset according to
feature similarity and train respective models (i.e., CDG). It
can be seen that DMM performs similarly to Anole for simple
training datasets such as all MNIST datasets for the HDR
task, and the KITTI and the SHD datasets for the VD task,
but DMM performs poorly on large and complex datasets
like BDD100k. In contrast, CDG trains and selects models
on similar data samples. However, the inference accuracy
of CDG is not as good as that of Anole over all test sets
for both tasks. This demonstrates Proposition 1, which states
that a model trained on a scene may not always perform
well on that scene. In contrast, Anole employs a decision
model to learn the appropriate scenes and determines which
model is most suitable for online prediction, resulting in
stable performance. Furthermore, although deep-model-based
method SDM is generally assumed to have better performance,
we surprisingly find that Anole outwits SDM on all test sets.
This implies that training a single large DNN model for cross-
scene inference is more difficult than training and choosing
from a set of specialized compressed models.

E. New-scene Experiments

In this experiment, we examine the performance of all
candidate methods in new scenes, using unseen data. Partic-
ularly, for the VD task, six unseen video clips include one
clip from KITTI with attributes of {Street, Day}, four scenes
from BDD100k with attributes of {Urban, Night}, {Urban,
Day}, {Highway, Dusk}, and {Street, Night}, and one scene
from SHD with attributes of {Tunnel, Night}. Table III and
Table IV list the accuracy results for the HDR and VD tasks,

TABLE III: Inference accuracy of candidate methods achieved in cross-scene
and new-scene scenarios on the HDR task.

Method Model
GPU Memory

(MB)
Cross-scene New-scene

Noisy Rotated Noisy Rotated

SDM
ResNet18 45.27 0.773 0.828 0.777 0.826
ResNet50 98.31 0.704 0.810 0.702 0.808

SSM LeNet 0.18 0.755 0.751 0.754 0.752
CDG LeNet 0.18 0.099 0.721 0.099 0.721
DMM LeNet 0.18 0.620 0.755 0.619 0.758
Anole LeNet 0.18 0.822 0.844 0.821 0.846
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Fig. 10: CDFs of F1 score of all candidate methods on each source dataset, demonstrating the advantage of Anole over candidate methods, including the
versatile large SDM. Note that the more the line leans towards the bottom right corner, the better the performance.

TABLE IV: Inference accuracy of all candidate methods obtained on unseen
data. The best results are indicated in bold while the second-best results are
marked in blue.

Method
KITTI BDD100k SHD

Mean
St., Da. Ur., Ni. Ur., Da. Hi., Du. St., Ni. Tu., Ni.

SDM1 0.437 0.531 0.477 0.476 0.468 0.409 0.466
SSM 0.387 0.514 0.335 0.404 0.454 0.370 0.411
CDG 0.459 0.537 0.453 0.410 0.440 0.401 0.450
DMM 0.407 0.482 0.382 0.388 0.384 0.374 0.403
Anole 0.506 0.590 0.453 0.440 0.461 0.470 0.487
1 SDM uses a deep model, resulting in higher latency, larger memory usage (Table

V), and higher power consumption (Figure 13).

respectively. It can be seen that though SDM with a much
larger model size is expected to excel other shallow-model-
based methods on unseen scenes, Anole demonstrates supreme
generalization ability and even outperforms SDM on all unseen
data. As for unseen scenes from BDD100k, Anole can still
achieve high accuracy comparable to that of SDM.

F. Real-world Experiments

As depicted in Figure 11(a), we implement all methods
on the Nvidia Jetson TX2 NX connected with a 1080p HD
camera to conduct real-world experiments in Shanghai city.
Well-trained compressed models and the decision model are
downloaded to the Jetson device. We conduct real-world
experiments in seven driving scenarios with different road
conditions and different time in a day. LabelImg [20] is used
to label all recorded frames as the ground truth for offline
analysis. Figure 12 plots the F1 score of all methods. Anole
outperforms all other candidate methods in all test scenarios.
We visualize the car detection results of Anole (white solid
frames) and SDM (red dashed frames) in a typical night
driving scenario in Figure 11(b). The inference results obtained
using SDM frequently contain errors, especially false negative
errors as shown in the enlarged subgraph.
TABLE V: Inference latency and memory consumption on mobile devices.

Model
Metric Latency (ms) GPU Memory (MB)

Nano TX2 NX Laptop Loading model Execution

Mscene + Mdecision 23.2 3.1 20.8 44 584
YOLOv3 313.8 42.9 62.2 240×n1 1,730

YOLOv3-tiny 37.8 10.8 32.2 40×n 1,120

1 n denotes the number of compressed models to load.

Camera

Jetson TX2 NX

5-inch DroneBattery

(a) Implementation of Anole on Jet-
son TX2 NX deployed on a UAV

(b) Results in a typical night scenario

Fig. 11: (a) Implementation of Anole on a Jetson TX2 NX connected with a
1080p HD camera. (b) Visualization of vehicles detected in a night scenario.

G. Inference Latency

We evaluate the inference latency of the decision model
Mdecision and compressed models on different mobile de-
vices. The results are shown in Table V. The results reveal
that YOLOv3-tiny exhibits significantly lower latency when
compared to deep YOLOv3, which is generally deemed un-
suitable for deployment on devices. For instance, the latency
of YOLOv3-tiny on Jetson Nano is 87.9% lower than that
of YOLOv3. This highlights the substantial potential for
accelerating inference using shallow models. It is also evident
that Mdecision can be executed in real-time on embedded
mobile devices such as Jetson Nano, with a latency as low as
23.2 ms, making it suitable for online inference applications.

H. Memory and Power Consumptions

We investigate the memory consumption of different models
from the following two aspects, i.e., loading model only, and
the memory consumption during inference with a batch size of

Test scenes in Shanghai
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Fig. 12: F1 score of all methods on test scenes in Shanghai, where Anole
exceeds other methods with a latency of less than 20 ms on Jetson TX2 NX.
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Fig. 13: Power consumption and inference speed of different methods in
various power modes.

1. Table V demonstrates that memory consumption for loading
model is significantly lower than that during inference, owing
to the presence of hidden parameters during inference. We
also examine the impact of different power configurations
adopted by Jetson TX2 NX to the performance of Anole.
The power consumption and inference speed of Anole and
baselines under different power modes are shown in Figure
13, respectively. Anole achieves a 45.1% reduction in power
consumption compared with SDM and a inference speed of
over 30 FPS with an input power of 20W running 6 cores.

VIII. RELATED WORK

A. DNN Prediction on Mobile Devices

To perform DNN inference on mobile devices, new DNNs
are specially designed [5]–[8] or existing DNNs are com-
pressed to match the computing capability of a mobile de-
vice [9], [10]. First, model structure can be optimized to reduce
complexity [5], [6], [32]. Second, quantization precision can
be reduced to minimize computational cost, e.g., use integers
instead of floating-point numbers [33], [34]. Third, the neu-
ral network model can also be accelerated by pruning, i.e.,
deleting some neurons in the neural network [9], [10], [35].
Scene information is also utilized for model compression on
edge/mobile devices [36]–[39]. Finally, model distillation can
distill the knowledge of large models into small models [7],
[8]. Such schemes ensure real-time model inference at the
expense of compromised accuracy.

Another direction is to divide DNNs and perform collab-
orative inference on both edge devices and the cloud [11],
[12], [40]–[43], or to transmit compressed sensory data to
the cloud for data recovery and model inference [14], [15].
Neurosurgeon [12] partitions the computation of each DNN
inference task in a layer granularity. CLIO [44] addresses
the instability of network conditions and optimizes infer-
ence under different network states. These approaches need
coordination with the cloud for each inference, leading to
unpredictable inference delays when the communication link
is unstable or disconnected. However, they prove inadequate
for cross-scene mobile inference scenarios where even deep
models are unable to cope.

B. Cross-scene DNN Prediction

Data-driven machine learning models face challenges in
maintaining robust inference performance when dealing with
cross-scene inference [45]. One natural approach for scene
partitioning is to partition the scene based on prior knowledge
or historical samples. First, based on prior knowledge, a simi-
larity graph is constructed to cluster similar domains together
[46]. However, obtaining such prior knowledge based on
domain expertise can be challenging. Second, the original data
or their extracted features can be utilized for more automated
scene partitioning [47]. However, these methods may result
in the loss of critical information in complex systems [31].
Cross-scene DNN prediction can also be enhanced given a
golden model in the cloud for online sample labelling [48],
[49]. However, the existence of a perfect or golden model is
not always feasible.

C. Mixture of Experts

In recent years, we have witnessed the success of Mixture
of Experts (MoE) [50], [51], especially in efficient training of
large language models (LLM). MoE employs multiple experts
for model training, each for one domain. Then, a gate network
will be used to determine the correspondence between samples
and experts. Though inspired by MoE, Anole differs from MoE
in the following 2 aspects. First, experts in MoE are diversified
by constraints of losses, but they themselves cannot be related
to the scene. In fact, the main purpose of MoE is to expand
the number of model parameters, rather than to customize and
select scene-specific models. Second, MoE is just a model
architecture, and models based on MoE architecture still need
to deploy the entire model during deployment. Therefore,
MoE-based models often require a significant amount of
memory, which is unacceptable for mobile agents like UAVs.
In contrast, Anole employs multiple compressed models for
online model inference, each designed for one scene. Only
a few compressed models are needed to be deployed during
online inference. Therefore, Anole is more suitable for mobile
devices only with limited resources.

IX. CONCLUSION

In this paper, we have proposed Anole, an online model
inference scheme on mobile devices. Anole employs a rich set
of compressed models trained on a wide variety of human-
defined scenes and offline learns the implicit mode-defined
scenes characterized by these compressed models via a deci-
sion model. Moreover, the most suitable compressed models
can be dynamically identified according to the current testing
samples and used for online model inference. As a result,
Anole can deal with unseen samples, mitigating the impact of
OOD problem to the reliable inference of statistical models.
Anole is lightweight and does not need network connection
during online inference. It can be easily implemented on
various mobile devices at a low cost. Extensive experiment
results demonstrate that Anole can achieve the best inference
accuracy at a low latency.
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