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ConvertNet: Training-Time Model Scaling for
In-Vehicle Continuous Learning

, Rui Han ¥, Chi Harold Liu

and Lydia Y. Chen

Qinglong Zhang

Abstract—Vehicles are transforming from transportation means
to mobile intelligent terminals, powered by artificial intelligence
(AI) technologies such as large language (LLM) and vision large
models (VLM). To maintain high learning accuracy in all situations,
in-vehicle AT models encounter the acute need to continuously
learn and dynamically retrain AI models on the fly. The volatile
resource demands of such stochastic retraining jobs and inference
jobs of higher priority however can not be accommodated simulta-
neously by existing training systems, which rely on pre-generated
compressed models of fixed architecture. In this paper, we propose
ConvertNet, a novel continuous learning system that effectively
scales up/down a compressed model through training-time neuron
memorizer (TNM) - a max heap of neurons in tree structure. Based
on TNM, ConvertNet estimates the model’s resource-accuracy
trade-off per neuron, thus efficiently utilizing the limited avail-
able resources to scale up and (re)train the model to improve
its accuracy. Evaluated on six representative in-vehicle scenarios,
comparative experiments against eleven state-of-the-art techniques
show that ConvertNet achieves as much as 22.33 % improvement
in learning accuracy, and reduces energy consumption by 3.65x.

Index Terms—Continuous learning, in-vehicle

training-time scaling, transformer.

training,

I. INTRODUCTION

EHICLES are increasingly powered by artificial intelli-
V gence (Al) applications [1], [2], [3], such as object detec-
tion [4], [5], video understanding [6], speech recognition [7],
and task-oriented dialog [8]. Through these Al models, the
vehicle is able to dialogue with humans (e.g. drivers or pas-
sengers), analyze visual information from the surrounding, and
is promised to support autonomous driving services [9], [10].
The original models are usually compressed and then deployed
on the vehicles due to stringent latency requirements and limited
resources [11], [12], [13], [14], [15]. In a mobile and open
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environment, maintaining compressed models’ high accuracy
requires continuously adopting and retraining models when
encountering input distribution/domain drifts [16], [17], [18].
For example, in Fig. 1(a)’s autonomous driving application, the
deployed compressed large language model (LLM) needs to
continuously learn from the road condition or it is personalized
for different road layouts and capacities [19].

The key to achieving the full promise of in-vehicle Al ap-
plications is leveraging the original model’s learning capacity
to improve retraining accuracy. This is non trivial in practice
for two reasons. First, the straightforward approach is to retrain
the original model, but the training cost may exceed the tight
resource budget on in-vehicle devices. In Fig. 1(a)’s autonomous
driving application [20], retraining the original model with batch
size is 16 requires 23.1 GB memory, but a commodity device
usually has less than 16 GB available memory for this retraining.
Second, existing on-device retraining techniques pre-generate a
compressed model to match the available resources [15], [21]
or the current input distribution [22]. However, they keep the
model’s network architecture fixed during training. In reality,
runtime available resources for retraining jobs may frequently
change due to dynamic events such as starting new jobs or
closing existing ones, or changed resource requirements from
inference jobs [15], [23], as shown in the top of Fig. 1(b). This
requires on-device retraining techniques to make training-time
resource-accuracy trade-offs in a timely fashion according to
current available resources. In conclusion, most existing retrain-
ing techniques are based on fixed compressed models at training
time, which give rise to two limitations.

First, fixed network architectures lower accuracy improve-
ment to resource consumption. Whenever available resources
change during retraining, existing retraining techniques keep
compressed models fixed and respond in three ways: adjusting
training iteration [23], [24], [25], [26], batch size [15], or freez-
ing weights [27]. However, the compressed models suffer from
limited learning capacity, as the quantization model theory of
neural scaling [28] verifies that scaling up network architectures
brings larger accuracy improvement per resource consumption.
Hence, a compressed model scaling and retraining approach
should invest available resources on the original model’s parts
(e.g. layers and neurons in Fig. 1(a)) bringing the largest ac-
curacy benefit. In Fig. 1(b)’s example resource increase and
decrease scenarios, compressed model scaling and retraining
approach improves model accuracies by 16.8% and 14.1%,
respectively. Developing such a scaling method is nontrivial
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Example application: Autonoumous driving
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(a) An example application and deployed compressed model

Fig. 1.

since, in practice, when scaling up a network, the newly added
model parts need to be trained from scratch using extra re-
sources [29]; in scaling down, directly pruning model weights
significantly deteriorates accuracy [30]. The first challenge,
therefore, is how to solve both problems when scaling up or
down a model during its retraining.

Second, fixed network architectures hinder fine-grained allo-
cation of each unit of resource to increase accuracy. To make
resource-accuracy trade-offs during training, existing retraining
techniques either adjust training hyperparameters and equally
allocate resources to all model parts [15], [23], [24], [25], [26], or
first allocate resources to CNN tensors/filters with the highest ac-
curacy contribution but ignore their resource consumptions [27],
[30]. To maximize the accuracy improvement per unit of re-
sources, the second challenge requires us to comprehensively
estimate different model parts’ resource consumptions and their
impacts on accuracy.

Our solution: We present ConvertNet, a compressed
model scaling and retraining approach for in-vehicle contin-
uous learning. The key idea of ConvertNet is introducing
a training-time neuron memorizer (TNM), a max heap of
neurons that stores knowledge (model weights that can extract
useful features from input data) and allows the compressed
model to quickly search relevant knowledge for scaling. Specif-
ically, to scale up the compressed models, ConvertNet pops
neurons from the top of TNM, adds them into the compressed
model, and trains them based on their stored knowledge. To
scale down, ConvertNet freezes neurons in the compressed
model and adds frozen neurons into TNM, storing the lost
knowledge to reduce accuracy loss. Moreover, given a neuron
in TNM or the compressed model, ConvertNet supports
online estimating its accuracy and resource on the current in-
put distribution. The estimation enables optimal neuron-grained
scaling in one retraining job and scheduling across multiple jobs,
thus maximizing accuracy improvement per unit of allocated
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(b) An example resource increase/decrease scenario

Motivation scenario of in-vehicle continuous learning and compressed model scaling and retraining.

resources. In particular, the contributions of this paper are as
follows:

o Compressed model scaling and retraining via TNM: TNM
leverages the original model’s large learning capacity, and
dynamically transfers it to the compressed model accord-
ing to available resources during retraining. In contrast,
existing techniques only support such transfer once at
pre-training [27] or before each retraining job [21], [22].

® Resource-accuracy trade-offs at the neuron granularity:
ConvertNet designs an accuracy predictor and a FLOPs
calculator to estimate neurons’ accuracy contributions and
resource consumptions. Its model scaling algorithm then
iteratively assigns resources to neurons bringing the largest
accuracy improvement per unit of resource for both one
retraining job or multiple ones.

o [mplementation and evaluation: We implement Con-
vertNet on NVIDIA DriveOS, a dedicated in-vehicle
operating system, and conduct extensive evaluation against
11 state-of-the-art retraining techniques on 6 represen-
tative in-vehicle applications. We release the source
code of ConvertNet in https://github.com/LINC-BIT/
ConvertNet.

Summary of experimental results: We extensively compare
ConvertNet against state-of-the-art (SOTA) techniques, us-
ing in-vehicle Al applications. These applications are de-
veloped based on six prevalent transformers (e.g. ViT [31],
GLIP [32], VideoMAE [6], Conformer [7], LLaMA [8], and
Transfuser [20]) and 12 datasets commonly used in intelli-
gent vehicle community. The results show: (i) ConvertNet
is able to provide neuron-grained and optimized resource-
accuracy trade-off in model retraining. Compared with eleven
retraining techniques, it increases accuracy by 22.33% with
the same resource budget, and reduces memory footprint,
retraining time, and energy consumption by 1.63x, 2.69x,
3.65x for the same learning task; (ii) Our scheduling approach
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(a) Model architecture of transformers

Fig. 2.
bars have the same range.

outperforms nine on-device schedulers by achieving 10.61%
accuracy improvement in five multi-application scenarios; and
(iii) we fully test the design choices of ConvertNet and
discuss its limitations (e.g. maximum supported model sizes)
when applied in resource-constrained vehicles.

II. BACKGROUND AND MOTIVATION
A. In-Vehicle AI Applications

In recent years, technical giants like NVIDIA, Huawei, and
Bosch release their own automotive operating systems to facil-
itate Al application development [33]. For example, NVIDIA
DriveOS [34] is embedded with essential runtime libraries (e.g.
CUDA) for Al applications and it is compatible with AUTOSAR
Adaptive software standard [35]. Typically, modern in-vehicle
intelligent applications can be divided into three categories.

Driver-assist applications aim to enhance drivers’ safety and
comfort in the cockpit domain. For example, the traffic sign
recognition application [36], [37] identifies traffic signs ahead
and notifies the driver. The driver attention monitoring applica-
tion [38], [39] analyzes the driver’s behaviors such as distraction
and gives necessary warnings.

Human-vehicle cooperation applications improve human-
related personalized experiences. For example, the speech
recognition application [7], [40] converts spoken commands
from drivers and passengers into texts. The task-oriented dia-
logue application [8], [41] interprets these texts to control the
vehicle equipments (e.g. opening the window).

Autonomous driving applications are designed to perceive
the surrounding environment and predict planning actions (e.g.
control signals for vehicles) in the intelligent driving domain [3],
[20], [42].

B. Understanding Neurons in In-Vehicle Continuous Learning

Since 2023, transformer-based models (also called founda-
tion models) are widely used in in-vehicle Al applications.

(b) Neuron’s accuracy contribution per unit of resources during one retraining

Understanding neurons in original and compressed models during retraining. For convenient comparison between two groups of heatmaps, the two color

For example, in the driver-assist applications, VLMs such as
ViT [31], GLIP [32], and VideoMAE [6] support accurate traffic
object detection and tracking. In human-vehicle cooperation
applications, LLMs such as Conformer [7], GPT [43], and
LLaMA [8] can parse the human voice as specific controlling
commands. In addition, VLMs (e.g. Transfuser [20]) and LLMs
(e.g. DriveGPT [44]) reveal the potential of transformers in
end-to-end autonomous driving.

Neurons in continuous learning: Continuous learning tech-
niques incrementally retrain the deployed model using new
incoming samples. Recent studies focus on optimizing the re-
training algorithm [45], [46], [47], hyperparameters [15], [24],
or resource allocation [15], [23], [26] upon fixed compressed
models. At a finer granularity, these models are composed of
neurons, as shown in Fig. 2(a). Conceptually, a neuron is the
basic computational unit of extracting features and each neuron
has its unique contribution to model accuracy. In Fig. 2(b)’s
example, this contribution is calculated by the FBS mod-
ule [48]. In Fig. 2, we take the autonomous driving applica-
tion (Transfuser [20] model and CARLA dataset [42]) as an
example, and retrain the original and the compressed models
(as shown in Fig. 2(a)) on an in-vehicle computing platform
(NVIDIA AGX Orin). We randomly select several neurons from
both models, and visualize their contributions during retraining
(Fig. 2(b)).

We have two key observations: First, the neurons in the origi-
nal model (the upper part of Fig. 2(b)) consistently exhibit much
higher contributions (2.4x higher) than those in the compressed
model. This observation motivates us to exploit the original
model’s learning capacity to scale the compressed model to
improve its accuracy. Second, different neurons in a model
have different contributions, and these contributions vary over
training iterations. For instance, neuron 1 in layer 2 has 2.7x
higher contribution than neuron 2 in the same layer at iteration
0. However, at iteration 1000, the former neuron’s contribution
is 1.2x lower. This motivates us to online monitor all neurons’
contributions and optimally allocate resources to them on the fly.
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III. DESIGN OF ConvertNet
A. Overview

ConvertNet is designed to answer two research questions:
(1) how to support compressed model scaling and retraining
(Section III-B); and (2) how to make the optimal resource-
accuracy trade-off at the neuron granularity during retraining
(Section III-C, Section III-D, and Section III-E).

Fig. 3 illustrates Conver tNet’s architecture with four mod-
ules. The key module is training-time neuron memorizer (TNM),
a data structure initialized when deployment and reconstructed
before retraining of compressed models, as shown in Fig. 3(a).
It stores neurons in a max heap (an ordered complete binary
tree) and enables scaling of compressed models by exchanging
key neurons. During each retraining, the other three modules
select the optimal scaling option that maximizes the retraining
accuracy under available resources, and apply it on TNM to
perform scaling. As shown in Fig. 3(b), each scaling includes
four steps. At step 1, ConvertNet triggers a scaling upon the
available resources change. At step 2, the accuracy predictor
and the FLOPs calculator modules take each candidate scaling
option as input and output its retraining accuracy and FLOPs.
At step 3, the scaling algorithm searches for the optimal scal-
ing option under memory constraints. Following the searched
option, ConvertNet scales the compressed model based on
TNM at step 4.

Note that retraining is continuous in our scenario. Hence,
as shown in Fig. 3(c), ConvertNet accumulates the newly
learned knowledge into the original model after each retraining,
and transfers it to the TNM of next retraining for reusing.
Moreover, ConvertNet supports multi-application scenarios
with multiple concurrent retraining jobs (Section III-F). Con-
vertNet constructs a global TNM for all jobs, and extends the
scaling algorithm to maximize the overall retraining accuracy of
all models.

B. Training-Time Neuron Memorizer (TNM)

TNM is designed as a max heap to store the original model’s
rich knowledge. Nodes in TNM store neurons and they are

ordered by their accuracy contributions per unit of resources.
This data structure enables three key operations for training-time
model scaling: (1) scaling up adds the neuron with the highest
contribution (from the heap’s top) to the compressed model; (2)
scaling down freezes a neuron in the compressed model and
storing its knowledge into a node in the heap; (3) knowledge ac-
cumulation retains the compressed model’s learned knowledge
into the original model by neuron-wise tensor calculations.

TNM construction: The construction begins with an empty
max heap, and iteratively adds the original model’s neurons into
the heap using four steps. Step 1 either extracts one neuron from
a linear layer or a feed forward layer, or extracts one neuron
from an attention layer’s Q/K/V simultaneously. This is because
neurons in Q/K/V focus on the same features and contribute
equally to accuracy. Step 2 calculates the accuracy contribution
per resource consumption of the extracted neuron(s) on the
current input distribution, denoted as A A:

Aafter _ Abefore

AA = 1

Frafter _ [before
where Abefore/ pbefore and Aefter | pafter represent the com-
pressed model’s accuracy / FLOPs before and after adding the
extracted neuron(s) (Section III-D and Section III-E). Step 3
creates a leaf node in the heap to store the extracted neuron(s).
Step 4 repeatedly swaps the new node with its parent node, until
every node has alarger A A than its child nodes. The construction
is completed when all neurons in the original model are stored
in TNM.

Fig. 4 demonstrates an example: five neurons in a linear layer
are stored individually in nodes 1-5, respectively; 15 neurons
in an attention layer are stored in nodes 6-10, where each node
stores 3 neurons from Q, K, and V, respectively.

One scaling up operation: The operation contains two steps.
Step 1 extracts a node from the top of the TNM, such as node
4 in Fig. 5(a). Step 2 adds the node’s stored neuron(s) into the
compressed model’s corresponding layer. In Fig. 5’s example,
the neurons in node 4 are from the original model’s first layer,
and hence added to the compressed model’s first layer. These
neurons already contain knowledge that is highly relevant to the
current distribution and do not require training from scratch.
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One scaling down operation: This operation includes three
steps. Step 1 calculates A A for each neuron in the compressed
model using (1). Step 2 freezes the neuron with the lowest A A
(e.g. layer 2’s neuron 2in Fig. 5(b)). Finally, step 3 creates a
new node (e.g. node 11 in Fig. 5(b)) in the top of TNM to store
the neuron. Such an operation preserves the compressed model’s
learning capacity for two reasons. First, the stored neuron will be
returned to the compressed model in future scaling up. Second,
the operation avoids pruning neurons, which may significantly
degrade model accuracy [49].

Knowledge accumulation operation. This operation conducts
three steps for each neuron in the compressed model. Step 1
extracts the neuron’s learned knowledge, where a neuron 6¢’s
knowledge A€ is defined as the difference of its weights before
and after retraining. Step 2 finds the neuron’s corresponding
layer in the original model, and denotes this layer’s contained
neurons as {6¢7¢, 097, - - - }. Finally, step 3 accumulates knowl-
edge A€ into the original model by applying the following
equation: 09" < 09" +T'; - A9°, where T'; is the similarity
between ¢ and 09" (0 < T; < 1).

Note that I'; is designed to apply regularization on 69", which
promotes positive knowledge transfer and mitigates catastrophic
forgetting [50]. First, a large value of I'; means the weights of
697" and 6 are similar and hence 69" can store more of 6s
learned knowledge without conflict. This is based on the obser-
vation that two similar weights have a similar updating direction
and magnitude in the retraining loss space [51]. In contrast,
two dissimilar weights have conflict updating directions that
cause knowledge forgetting. In our approach, a small value of
I'; reduces the updating magnitude of 9" and prevents it from
forgetting previously stored knowledge.

Overhead analysis: TNM is designed for low computational
overhead and memory footprint. First, TNM construction only
involves memory copy operations with negligible overhead and
calculations of AA (which is also lightweight, see Section II-
I-D). Second, ConvertNet partitions the whole heap into
several sub-heaps, and sequentially loads them into memory for
scaling up/down operations. By doing so, its memory overhead
is reduced multiple times while keeping the logarithmic time
complexity of scaling up/down operations. Third, knowledge
accumulation involves only basic tensor multiplication and ad-
dition calculations and can be completed quickly. Taking ViT-
Huge [31] as an example, TNM construction takes 1 s, a scaling
up/down operation takes 80 MB memory and 100 ms, and
knowledge accumulation takes less than 3 s in typical in-vehicle
devices.

C. Scaling and Retraining Algorithm for Compressed Models

The scaling algorithm searches for the optimal scaling op-
tion that maximizes the retraining accuracy under the current
available resources. A scaling relies on multiple TNM’s scaling
up/down operations, and hence a scaling option represents how
many times these operations are performed. The basic idea is
to greedily repeat these operations once resources change, until
the model size matches the available resources.

Authorized licensed use limited to: TU Delft Library. Downloaded on July 14,2026 at 11:28:12 UTC from IEEE Xplore. Restrictions apply.



ZHANG et al.: ConvertNet: TRAINING-TIME MODEL SCALING FOR IN-VEHICLE CONTINUOUS LEARNING

Algorithm 1: Scaling and retraining algorithm for com-
pressed models.

1 for each retraining iteration do

2 AR = monitor_resources_change();
3 if AR > 0 then
4 while AR > 0 do
5 Perform one operation of scaling up;
/* Consume one unit of resources r */
6 AR— =r;

7 else if AR < 0 then
while AR < 0 do

9 Perform one operation of scaling down;

/* Release one unit of resources r */
10 AR+ =1,
11 Retrain for an iteration;

As shown in Algorithm 1, the algorithm monitors the resource
change AR before each retraining iteration starts (line 2). If
available resources increase (AR > 0, line 3), the algorithm
repeats scaling up operations and allocating one unit of resources
r (lines 5-6), until the additional resources are exhausted (line 4).
On the other hand, if available resources decrease (AR < 0, line
7), the algorithm repeats scaling down operations and releasing
one unit of resources r (lines 9-10), until the total released
resources are sufficient (line 8). After scaling, ConvertNet
continues the current retraining iteration on the scaled com-
pressed model.

Design rationale: This scaling algorithm is accurate and
efficient for two reasons.

® Neuron-grained scaling: The involved scaling operations
make neuron-grained resource-accuracy trade-offs be-
cause they are aware of the accuracy contribution per
resource consumption of all neurons.

e Pruned searching space: Algorithm 1 contains AR/r
scaling up/down operations. When TNM has @) nodes,
each scaling operation traverses log(()) nodes on average.
That is, the overall time complexity is O(AR/r - log(Q)),
more efficient than brute-force search with time complexity
O(AR/r - Q') . With pruned search space, the algorithm
only needs to enumerate less than 0.01% of all possible
options. Hence the search can be completed within 200ms
on commodity vehicles.

D. Accuracy Predictor

The predictor estimates the retraining accuracy (A%¢/°¢ and
Aafter in (1)) to calculate the accuracy contribution (| A%/te" —
APbefore|) for all neurons. Specifically, the predictor develops a
scaling law function f that takes five factors affecting retraining
accuracy as inputs, and outputs the predicted accuracy:

A= (N NI R g, ) @)

where N and N/7°%¢" represent the set of all neurons and
frozen neurons in the compressed model. R represents the
available resources. $ and v are the coefficients representing
the characteristics of the current input distribution.
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Fig. 6. Estimation process of the accuracy predictor.

Given a scaling option, the predictor has three steps, as shown
in Fig. 6. Step 1 updates coefficients /3, v of the scaling law
function A according to the current input distribution. Step 2 uses
this function to estimate retraining accuracy under the scaling
option. Finally, step 3 calibrates the estimated accuracy using
the accuracy curves of previous retraining. The prediction is
reliable because the predictor utilizes both the new distribution’s
characteristics (in steps 1 and 2) and the past/historical recorded
accuracies (in step 3).

Step 1: Coefficient updating: To represent the current input
distribution, the predictor updates coefficients 5 and ~ in the
scaling law function ( (2)). This updating is based on the domain
adaptation theory [52], which proves that the model accuracy
on the current distribution is negatively correlated with its two
characteristics. That is, (1) the discrepancy between the source
distribution used in pre-training and the current distribution used
in retraining and (2) the retraining loss on the current distribu-
tion. However, both characteristics are sensitive to the high-
dimensional input distribution and model parameters, hence
it is difficult to use them in the mathematical equation. To
address this issue, our predictor employs a tiny three-layer neural
network to convert them into two low-dimensional coefficients
[ and -, where (3 and «y will be mapped to the accuracy A in (2).

The tiny neural network is constructed offline. Specifically,
ConvertNet emulates different retraining scenarios to collect
training samples. Each sample is generated using three steps.
The first step creates a simulated new distribution by applying
data augmentation techniques to the source distribution [53].
The second step randomly scales the model and retrains it
using the simulated distribution. The third step collects relevant
information to construct the sample’s inputs and output.
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Step 2: Scaling law based estimation: Traditionally, scaling
law is designed for server-side pre-training, and its function
constructs the mapping relationship between a model’s training
accuracy and three factors (its model size, the amount of training
data, and the number of training iterations) [54]. In Convert-
Net, scaling law is designed for in-vehicle model retraining,
and its function ( (2)) has five factors affecting model accuracy.
These factors can be divided into three categories:

® Model scalable factors: the set of neurons N and frozen

neurons N/7°#¢™ imply two scalable factors of the model:
(i) the number of neurons in its ¢-th layer wf”; (i1) the
number of frozen neurons in its i-th layer w;!"**“".

® Resource factor in retraining: the available resources R,

which corresponds to the number of retraining iterations.

e [nput-related factors: two updated coefficients 5 and ~,

which are two vectors representing the impact of the current
input distribution on accuracy A.

Taking these factors (w!!, wf rozen "R, B, and 7) as input,
the scaling law function’s mathematical expression is defined as
follows:

L L
Yi4L
A=TT Bitwe™ < T Bis (wf7*") " % Buian (R) 2"
i=1 i=1

where [3; and ~y; represent the i-th element in the vector 5 and
v and L is the number of scalable layers. This definition is
based on the quantization model theory of neural scaling [28]),
which proves that both the number of model parameters (i.e. w3
and w!"°*") and the available resources R hold a power-law
relationship to the model accuracy A.

Step 3: Accuracy calibration: The predicted accuracy in the
scaling law is based on the profiled information collected offline
and the characteristics of the current input distribution. The
predictor hence further calibrates this accuracy using the input
distributions and the actual measured accuracies of historical
retraining. Specifically, the predictor first calculates the accuracy
on the current distribution as a weighted average of previous
accuracies, where the weights are the closenesses (reciprocal
of discrepancies) of the current distribution to previous dis-
tributions. It then averages the calculated accuracy with the
scaling law’s outputted accuracy to generate the final estimated
accuracy.

E. FLOPs Calculator

The calculator computes the compressed model’s FLOPs
(Fbefore and Fefter in (1)) to calculate the resource con-
sumption (| Fefter — Fbefore|) for all neurons. It first calculates
FLOPs of forward, backward, and weight updating on each layer,
and summarizes them as FLOPs of the whole model. Let F7,
F’ and F™ be the FLOPs of performing one forward pass,
backward pass, and weight updating on one individual neuron,
respectively.

e Forward pass: the compressed model takes a batch of
training data as input and sequentially uses model layers
from top to bottom to extract features. The forward FLOPs
of the i-th layer are proportional to the number of neurons
w!! and are calculated as F'/ - w!.
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® Backward pass: the compressed model computes the loss
value and backpropagates the loss from bottom to top to
calculate gradients. The backward FLOPs of the i-th layer
are 0 if all neurons in this layer and all preceding layers
are frozen; otherwise, the backward FLOPs jump from O to
F® . w3 Therefore, we observe that the optimal scaling
down option typically freezes entire layers from top to
bottom, rather than individual layers [27] or individual
neurons across different layers.

o Weight updating: the compressed model updates the
weights of all unfrozen neurons. The weight updating
FLOPs of the ¢-th layer are proportional to the number

of unfrozen neurons w — w!"°**" and are calculated as

v . (w?ll _ w;razen).

FE. Extension to Multi-Application Scheduling

ConvertNet conducts two extensions to maximize the av-
erage accuracy of all running retraining jobs.
® Global TNM: ConvertNet uses neurons of all jobs’
original models to construct a global TNM. In the operation
of scaling up, ConvertNet extracts neurons from the top
of the global TNM, and adds them to the corresponding
application’s compressed model. In the operation of scaling
down, ConvertNet freezes the neuron with the lowest
AA among all jobs, and adds it into the global TNM.

® Scheduling algorithm: ConvertNet adds an resource
allocation operation in Algorithm 1: (i) after the operation
of scaling up (line 5), the algorithm allocates one unit of
resources 1 to the application that is scaled up; (ii) after the
operation of scaling down (line 9), the algorithm releases
one unit of resources r from the application that is scaled
down.

The scheduling is designed for both low memory footprint and
computational overhead. First, similar to TNM partition in the
single-application scenario (Section III-B), the global TNM is
partitioned into sub-heaps and sequentially loaded into memory
for scaling operations. Second, the scheduling’s search space
has a similar size to the scaling algorithm (Algorithm 1). Specif-
ically, the scheduling has a time complexity O(AR/r - Q - J),
where J is the number of running jobs. J is typically less than 5in
commodity vehicles, and hence the scheduling can be completed
within 1 s.

G. Discussion of Scaling Granularity

In this section, we discuss why ConvertNet chooses the
neuron granularity based on two observations, and discuss the
feasibility of applying hybrid scaling granularity.

Observation 1: The coarser granularity leads to lower accu-
racy improvement per unit of resources: Coarse-grained scaling
first allocates resources to the model component (e.g. a tensor,
a layer, or a block) with the highest average accuracy contri-
bution. However, this component usually contains a proportion
of low-contribution model parameters. Taking ViT-B/16 as an
example, we observe that the proportion increases as the granu-
larity becomes coarser: 13.59% at the tensor granularity, 49.02%
at the layer granularity, and 75.68% at the block granularity.
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Fig. 7. ConvertNet’s implementation in NVIDIA DriveOS [34].

This is because the coarser granularity results in more resources
being allocated to low-contribution parameters, and lowers the
accuracy improvement per unit of resources.

Observation 2: The finer (parameter) granularity leads to
high overheads and low applicability in vehicles: First, the
parameter-grained scaling expands the search space of scaling
options by a factor of p (p is the number of parameters within
one neuron). Taking LLaMA as an example (4e3 < p < 2eb
), the finer granularity increases the accuracy prediction time
from 200ms to 1.1 hours. Second, its implementation relies on
specific hardware and computational libraries [55], which are
usually unavailable on in-vehicle devices.

Feasibility of hybrid granularity: ConvertNet can support
hybrid-grained scaling to achieve higher scaling efficiency. For
instance, when the available resource is considerably reduced,
ConvertNet can first perform layer-grained scaling (through
a TNM that stores layers), thereby quickly releasing substantial
resources. Once the remaining resource to be released is less
than one layer’s resource consumption, Conver tNet switches
to neuron-grained scaling to further refine the accuracy-resource
trade-off.

IV. SYSTEM IMPLEMENTATION

We implement ConvertNet in Python 3.8.5 with 3k LOCs,
and integrate it into NVIDIA DriveOS [34], an operating sys-
tem dedicated to autonomous driving and Al-powered cockpit
experiences. NVIDIA DriveOS is gradually being adopted in the
latest autonomous vehicles, including those from manufacturers
such as Tesla, Toyota, and BYD. As shown in Fig. 7, Convert -
Net builds three components upon NVIDIA DriveOS’s APIs,
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and allows developers to integrate new models and learning
algorithms.

Integration of new models and learning algorithms: Integrat-
ing a model into ConvertNet requires implementing three
groups of APIs: (1) inference on input samples, (2) testing ac-
curacy on a given dataset, and (3) manipulating the model struc-
ture (e.g. modifying/replacing a specific network layer/neuron).
ConvertNet supports two types of transformers.

® Hugging Face models [56]: ConvertNet implements
the aforementioned APIs using Hugging Face’s built-
in APIs. For example, ConvertNet uses Auto-
Model. forward () forinference on input samples, and
uses the package evaluate for testing accuracy. Devel-
opers only need to add around 30 LOCs to integrate a
Hugging Face model into ConvertNet.

o User-customized models: ConvertNet develops an ab-
stractclass Mode1Manager to decouple the internal mod-
ules and integrated models of ConvertNet. To integrate
a user-customized model, developers need to write around
200 LOCs to fully implement three groups of APIs in
ModelManager.

Moreover, the new learning algorithm can also be integrated
into ConvertNet, such as the unsupervised domain adapta-
tion techniques [57] and supervised continual learning tech-
niques [58]. The integration requires implementing two APIs
using 50 to 200 LOCs: (1) fetching training samples from the
current input distribution, and (2) performing forward operation
and calculating loss function.

V. EVALUATION

Testbeds: We choose four mainstream in-vehicle GPU de-
vices [59] with different architectures: (1) NVIDIA Xavier NX
with 16 GB memory and 384-core Volta GPU; (2) NVIDIA
AGX Xavier with 32 GB memory and 512-core Volta GPU;
(3) NVIDIA AGX Orin with 32 GB memory and 1792-core
Ampere GPU; and (4) NVIDIA AGX Orin with 64 GB memory
and 2048-core Ampere GPU. They are equipped with Ubuntu
18.04.5, CUDA 10.2, and Python 3.8.5.

Workloads: We choose six Al applications which target the
most important continuous learning tasks on vehicles, and con-
struct six distinct workloads based on six Hugging Face models.
The details are listed in Table I.

® Traffic sign recognition takes an image as input and recog-
nizes the category of its containing traffic sign (e.g. stop,
pedestrian crossing, and turn left).

o Traffic object detection takes a video frame as input and
identifies the category and location of its containing traffic
objects (e.g. cars and pedestrians).

e Driver inattention monitoring takes a surveillance video
clip as input and recognizes the category of the driver
inattention behavior (e.g. using phones and feeling sleepy).

® Speech recognition takes a voice clip as input and recog-
nizes the corresponding text.

® Task-oriented dialog takes a textual question as input and
outputs the corresponding answer.

Authorized licensed use limited to: TU Delft Library. Downloaded on July 14,2026 at 11:28:12 UTC from IEEE Xplore. Restrictions apply.



10446

TABLE I
SUMMARY OF APPLICATIONS AND WORKLOADS
- Input distribution Input distribution Original #Model
Application . . . L
in pre-training in retraining model parameters
Traffic GTSRB [37]
sign SYNSIGNS [36] with ViT-B/16 [31] 0.09B
recognition corruptions [60]
Traffic
object MSCOCO [61] ,GTAS 51 GLIP-T [32] 1.8B
X CityScpaes [4]
detection
Driver
inattention NolIR [39] Drive&Act [38] VideoMAE-B [6] 0.10B
monitoring
LibriSpeech with
Speech . different N
Recognition LibriSpecch [40] speakers/volumes/ Conformer-L [7] 128
speeds/noises [40]
Task-oriented MultiWoz- MultiWoz-Taxi
Dialog MultiDomains [41] MultiWoz-Hotel [41] LLaMA [8] 3B
Autonomous CARLA CARLA
Driving Town01 [42] Town02-07 [42] Transfuser [8] 0.208

® Autonomous driving takes a video frame and LiDAR signal
as input and outputs the values of the vehicle’s steer,
throttle, and brake.

Accuracy metrics: The six workloads listed above use top-1
classification accuracy, mAP@0.5 (Mean Average Precision
over Intersection over Union (IoU) threshold 0.5), top-1 clas-
sification accuracy, WER (Word Error Rate), BLEU (Bilingual
Evaluation Understudy), and IS (Infraction Score) as the accu-
racy metrics, respectively.

A. Resource-Accuracy Trade-Offs in In-Vehicle Continuous
Learning

In this evaluation, we implement and compare ConvertNet
with two types of eleven retraining techniques on each workload.
e Static compression: it keeps the network architecture fixed
during retraining, including four types of techniques: (1)
PEFT (Parameter-Efficient Fine-Tuning) adds a few extra
parameters to each model layer and then only retrains
them (LoRA (Low-Rank Adaptation) [62], DoRA (De-
composed Low-Rank Adaptation) [63], and VeRA (Vector-
based Low-Rank Adaptation)) [64]; (2) Compressed model
techniques pre-compress the original model on the source
distribution and then retrain it on the current distribu-
tion (JIT (Just-In-Time Adaptation) [45], AMS (Adap-
tive Model Streaming) [46], and EdgeMA (Edge Model
Adaptation) [47]); (3) Model zoo techniques maintains a
zoo of historical models, and selects the best model to re-
train (RECL (Responsive Edge Continual Learning) [26]);
(4) Before-retraining scaling techniques scale the model
before retraining begins based on current input distribu-
tion and available resources, but maintain the model fixed
throughout the retraining (ElasticDNN [21] and EdgeTA
(Edge Transformer Adaptation) [22]).
® Adaptive retraining: ElasticTrainer [27] and Prune-
Train [30] scale down the model upon a decrease in avail-
able resources, but keep the model fixed upon an increase
in available resources.

Pre-training original model: For each workload, we pre-train
the original model using the source distribution offline. We
conduct the pre-training on an RTX 8000 graphics card. The
pre-training time of baseline techniques is 3.77 to 48.12 hours,
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and the time of ConvertNet is 8.53 to 83.12 hours, because it
needs extra time to construct scalable layers and neuron indexes.
The pre-training is executed once.

Online retraining: We use EdgeVisionBench [65] to con-
struct on-device continuous learning scenarios. This benchmark
takes each workload as input, constructs 30 new distributions
accordingly, and searches hyperparameters for each evaluated
technique. We set the retraining window to 600 s for all work-
loads and techniques. During each retraining, we randomly
trigger three changes of available resources. We evaluate the
traffic sign recognition workload on NVIDIA Xavier NX, traffic
object detection and driver inattention monitoring workloads on
NVIDIA AGX Xavier, speech recognition workload on NVIDIA
AGX Orin (32 GB), and task-oriented dialog workload on
NVIDIA AGX Orin (64 GB). The evaluation considers two
settings:

Comparison under the same resource budget: Fig. 8 demon-
strates the retraining accuracies of all techniques over evolving
distributions. Specifically, Fig. 8(a) demonstrates detailed ac-
curacy curves over all 30 distributions, and other subfigures
summarize accuracy curves by box plots. We have two ob-
servations from the results. First, ConvertNet consistently
achieves the highest accuracy in all workloads, because its
TNM enables scaling of compressed models by fully utiliz-
ing the original model’s large learning capacity. As shown in
Fig. 8(a), ConvertNet promptly improves accuracy when
more resources become available, as the scaled model receives
additional knowledge from TNM. Conversely, when resources
are reduced, ConvertNet preserves accuracy by storing lost
knowledge into TNM. Second, ConvertNet tends to bring
higher accuracy improvement after seeing several distributions
(e.g. Fig. 8(a)). This is because its TNM accumulates the newly
learned knowledge in the original model, and this knowledge
is transferred to the compressed model in future retraining. In
contrast, baseline techniques have low accuracies for two rea-
sons: (1) the static compression techniques hinder fine-grained
allocation of resources, and (2) the existing adaptive retraining
techniques fail to store the lost knowledge during scaling down.
For example, PruneTrain directly discards pruned neurons and
thus has the lowest accuracy. Overall, ConvertNet improves
the retraining accuracy by 19.37% over static compression tech-
niques, 25.23% over adaptive retraining techniques, and 22.33%
over all baselines.

Discussion of training windows: Following the setting of the
previous evaluation, we vary the retraining windows from 600 s
to 0 s (no retraining) and test their impact on model accuracy.
As shown in Fig. 9, ConvertNet still consistently achieves
the highest accuracy, even without any retraining. This proves
the efficacy of ConvertNet’s TNM in selecting the most
accuracy-related neurons in each scaling. In summary, Con-
vertNet brings an average of 18.85% accuracy improvement
with tighter resource budgets.

Comparison under the same model accuracy: In this eval-
uation, both ConvertNet and baselines perform the same
training until convergence. Table II lists the evaluation results.
We can see that compared to all baseline techniques, Con-
vertNet saves memory footprint, training latency, retraining
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Fig. 8. Accuracy comparison over the evolving distributions under the same resource budget.
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time, and energy consumption by 1.63x, 1.81x, 2.69x, and 3.65x,
respectively, because its training converges the fastest.

ConvertNet’s response time under resource fluctuations:
To respond to a resource fluctuation, ConvertNet conducts up
to five operations to scale the model: TNM generation, accuracy
prediction, FLOPs calculation, scaling option selection, and
scaling. In this evaluation, we test six workloads and list these
five operations’ wall-clock time, as shown in Fig. 11. We can see
that in all workloads, these operations take less than 12 s (2% of
retraining window) to complete. Moreover, subsequent scaling
only requires the last two operations, which take less than 3 s
to complete. The result indicates that ConvertNet responds
promptly to resource fluctuations.

Breakdown of ConvertNet’s extra memory overhead:
ConvertNet’s extra memory footprint comes from three mod-
ules: TNM, the accuracy predictor, and the FLOPs calculator.
Our evaluation results on all workloads show: (1) TNM con-
tributes 99.7% to 99.8% of the memory footprint among the
three modules. This is because TNM stores the original model’s

neurons, while the other two modules only involve a tiny pre-
diction network (<0.5 MB) and basic mathematical operations.
(2) TNM’s memory footprint remains low (ranging from 80 MB
to 83 MB, only occupying 2% of the overall retraining memory
footprint). This is because ConvertNet partitions the whole
TNM into small sub-heaps for sequential loading, that is, only
one small sub-heap is loaded in the memory at a time.

B. Multi-Application Scheduling

In this evaluation, we run multiple workloads concurrently
on NVIDIA AGX Orin (64 GB), and compare the average
accuracies of ConvertNet with two types of nine on-device
schedulers.

e Static compression: it keeps the model fixed and allocates
resources by adjusting the number of training iterations
(EOMU (Edge-assisted On-device Model Update) [24],
AdaEvo (Adaptive Evolution of Models) [25], Adalnf
(Adaptive Inference) [23], and RECL [26]), batch size
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COMPARISON OF RETRAINING OVERHEADS UNDER THE SAME MODEL ACCURACY. ”(A)” TO ”(F)” REPRESENT SIX WORKLOADS, RESPECTIVELY
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TABLE II

Memory footprint (GB) Retraining time (minute) Energy consumption (J)
(@) (b) © (d) @) ® | @ O (©) (d) (e ® (a) (b) © (d) (e) ®
LoRA 82 148 132 307 307 132 | 37 273 138 151 242 72 | 2726 22908 11062 13206 21231 5273
DoRA 106 197 143 326 317 141 | 46 363 178 159 251 7.9 | 3453 30450 14194 13935 21961 5766
VeRA 80 148 132 307 307 132 |38 273 138 151 242 7.2 | 2800 22908 11062 13206 21231 5387
nT 58 130 100 13.0 198 78 | 19 180 133 75 134 39 | 879 9428 6664 4108 7342 1638
AMS 50 130 101 134 202 79 |20 179 135 74 135 40 | 929 9385 6747 4071 7387 1709
EdgeMA 59 130 101 13.0 198 7.8 | 1.9 181 134 75 134 39| 899 9472 6706 4108 7342 1644
RECL 5.9 130 101 13.0 198 7.8 | 29 189 144 85 144 45 | 1369 9913 7210 4660 7893 2390
ElasticDNN 57 129 97 129 198 7.6 | 1.7 173 134 74 128 34 | 792 9061 6697 4049 7004 1866
EdgeTA 5.7 129 9.7 129 198 76 1.7 173 134 74 128 34 | 792 9061 6697 4049 7004 1866
ElasticTrainer 5.5 127 96 125 187 7. | 19 179 139 78 133 42 | 885 9376 6947 4268 7277 2305
PruneTrain 5.6 126 9.5 125 18.1 7.1 29 206 160 94 151 7.8 | 1351 10790 7996 5143 8262 4282
ConvertNet 45 105 87 105 133 54 | 1.2 145 23 56 11.6 24 | 561 7595 1126 3040 6338 989
Training latency (second per iteration)
(a) (b) () (d (e) ()
LoRA 044 328 166 1.81 291 0.77
DoRA 056 436 213 191 3.01 097
VeRA 045 328 166 1.81 291 0.78
T 023 216 160 090 1.61 0.40
AMS 024 215 162 0.89 162 046
EdgeMA 023 217 161 090 1.61 044
RECL 035 227 173 1.02 173 0.61
ElasticDNN 022 211 156 076 144 041
EdgeTA 022 211 156 076 144 0.38
ElasticTrainer | 0.23 238 1.79 1.31 2.01 040
PruneTrain 021 199 143 123 141 037
ConvertNet 0.14 174 092 0.67 139 0.25
Static — EOMU —— AdaEvo ---- Ekya ---- ElasticDNN Adaptive ---- PruneTrain  ---- ElasticTrainer
compression: — Adalnf — RECL EdgeTA retraining: — ConvertNet
0.4 0.6 MN
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Baselines / ConverNet avg. acc: Baselines / ConverNet avg. acc: Baselines / ConverNet avg. acc: Baselines / ConverNet avg. acc: Baselines / ConverNet avg. acc:

0.2011/0.3225 (12.14% 1) 0.2890/0.3452 (5.62% 1)

Fig. 10.

(Ekya [15]), or model size and GPU cycle allocation (Elas-
ticDNN [21] and EdgeTA [22]).

® Adaptive retraining: ElasticTrainer [27] and Prune-
Train [30] uniformly scale down all jobs’ models when
available resources decrease.

Comparison of accuracy: We first develop a benchmark that
co-runs a mix of retraining jobs. In an evaluation whose duration
is one hour, the benchmark picks 10 random time points, and
launches a randomly selected retraining job at each of these
points. The retraining window for each job is 600 seconds. We

0.3212/0.4531(13.19% 1)

0.3137/0.4024 (8.87% 1) 0.1891/0.3216 (13.25% 1)

Comparison of average accuracy across all retraining jobs in multi-application scenarios.

create five different mixes of retraining jobs, and report the
average accuracy across all jobs in Fig. 10.

We can see ConvertNet consistently brings the highest
overall accuracy for three reasons: (1) ConvertNet’s global
TNM enables scaling of compressed models in multiple con-
current applications; (2) ConvertNet’s scheduling algorithm
concentrates resources on the neurons bringing highest accuracy
improvement among all applications; (3) ConvertNet can
solve the best schedule in less than one second, allowing it
to quickly respond to dynamic events. In contrast, baseline

Authorized licensed use limited to: TU Delft Library. Downloaded on July 14,2026 at 11:28:12 UTC from IEEE Xplore. Restrictions apply.



ZHANG et al.: ConvertNet: TRAINING-TIME MODEL SCALING FOR IN-VEHICLE CONTINUOUS LEARNING

I Operation 1: TNM generation [EZE Operation 2: Accuracy prediction
Il Operation 3: FLOPs calculation [__] Operation 4: Scaling option seleciton
[ Operation 5: Scaling

Workload 1: Traffic sign recognition Il (retraining: 72s)
Workload 2: Traffic object detection ] (retraining: 870s)

Workload 3: Driver mgtgietgtrliﬂg I (retraining: 1385)

Workload 4: Speech recognition
Workload 5: Task-oriented dialog

Workload 6: Autonomous driving

(retraining: 336s)

(retraining: 696s)
(retraining: 144s)

0 5 10 15 20
Time (s)
Fig. 11. Breakdown of ConvertNet’s response time under resource fluctu-
ations.
Fixed model — ElasticTrainer
—— PruneTrain — ConvertNet

m T

S -

= New retraining _

o job launches!

c 40

[}

-

©

=

930

c

g

[

=20

- 0 5 10 15 20

Time (s)

Fig. 12.  Comparison of stability to resource contention.

schedulers achieve low accuracy for two reasons: the static
compression schedulers hinder the fine-grained resource alloca-
tion, and the adaptive retraining schedulers uniformly allocate
newly available resources among all jobs. In particular, Ekya and
AdaEvo improve accuracy slower than other schedulers, because
they perform expensive online trial runs. Overall, ConvertNet
improves the accuracy by 9.12% than static compression sched-
ulers, 12.31% than adaptive retraining schedulers, and 10.61%
than all baseline schedulers.

Comparison of stability to resource contention: In this evalua-
tion, the stability to resource contention is defined as the latency
Sfluctuation of high-priority jobs (that is, inference jobs) when a
new retraining job is launched. This metric is critical because
low stability reduces human—vehicle collaboration efficiency
and even compromises driving safety.

To measure stability, we follow Fig. 10(a)’s setting and con-
duct the following three steps: (1) at 0 s, we launch an inference
job (with 20% resources) and a retraining job of ViT (with 80%
resources); (2) at 10 s, we launch a new retraining job of GLIP;
(3) at 20 s, we visualize the inference job’s latency between
0-20 s in Fig. 12. We can see that with available resource fluctu-
ation, the inference latency remains low with ConvertNet but
increases suddenly for most baseline schedulers. This is because
ConvertNet can promptly release resources by scaling down
the model in retraining and hence avoid preempting resources
from inference jobs. In contrast, the schedulers based on fixed
models do not release resources, and ElasticTrainer can only
release much less resources by freezing model parameters.
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ConvertNet ’s extra memory overhead: In Fig. 10’s evalu-
ation (including 1 to 4 co-running workloads), ConvertNet’s
extra memory footprint remains consistently low (ranging from
81 MB to 86 MB). This is because ConvertNet partitions
the global TNM into sub-heaps for sequential loading, and the
sub-heaps keep small regardless of the number of applications.

C. Design Choice Validation by Ablation

This evaluation tests the traffic sign recognition workload, and
reports the retraining accuracy under the same resource budget
(Fig. 13(a)—(f).

TNM construction: Fig. 13(a) shows that constructing TNM as
a max heap achieves much higher accuracy (33.31% in average)
than a min heap or random tree. This indicates that the neurons
with higher accuracy contributions are indeed crucial for scaling
of compressed models.

Original model width. Fig. 13(b) shows that generating TNM
from the 1.00x width model results in 22.02% higher accuracy
compared to those with smaller width. This is because that a
larger original model provides more neurons in the TNM, thus
improving the upper bound of the compressed model’s accuracy.

Knowledge accumulation: Fig. 13(c) shows that accumulating
learned knowledge with regularization improves accuracy by
6.92% compared with accumulation without regularization, and
by 10.92% compared with no accumulation at all. Fig. 14 further
displays the retraining loss curve when ConvertNet encoun-
ters the same distribution "MotionBlur” for the first, second, and
third time. We can see that the accumulated knowledge indeed
accelerates the retraining convergence.

Accuracy prediction on unseen data: Fig. 17 demonstrates
the estimation error of ConvertNet’s accuracy predictor. Note
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Fig. 17.  Precision of ConvertNet’s accuracy predictor.

that the error is measured on GTSRB [37], an unseen dataset dur-
ing offline construction. We can see the predictor can generalize
to unseen data and precisely estimate the retraining accuracy: the
absolute/relative estimation erroris 0.12% and 3.73% in average.
These precise estimations improve the retraining accuracy by
10.75% compared to the worst/random predictor, as shown in
Fig. 13(d).

Neuron-grained scaling: The ablation study in Fig. 13(e)
shows that ConvertNet’s neuron-grained scaling improves
the accuracy by 24.12% compared to layer/tensor-grained scal-
ing, because it makes resource-accuracy trade-offs at a finer
granularity and efficiently utilizes limited resources in the opti-
mal set of neurons.

Effectiveness of scaling: During retraining on the distribution
”MotionBlur”, we compare the accuracy curves of scaling up
the compressed model for O (no scaling) to 3 times. The results

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 7, JULY 2026

TABLE III
COMPARISON WITH INFERENCE-TIME SCALING TECHNIQUES

V-MoE DejaVu ConvertNet
Accuracy 0.5123 0.5388 0.6195
Memory (GB) 29.7 10.3 6.1

in Fig. 16 show that each scaling up can immediately improve
the retraining accuracy and accelerate the convergence.
Integration with other unsupervised learning algorithms: We
choose a classical unsupervised learning algorithm SHOT [57],
and the result in Fig. 13(f) shows that ConvertNet improves
SHOT’s accuracy by 9.62% with its TNM and scaling algorithm.

D. Discussions and Limitations

Discussions of alternative adaptive retraining techniques:
Following Fig. 8’s evaluation setting (training ViT on NVIDIA
Xavier NX using 600 seconds), we compare ConvertNet with
two other adaptive retraining techniques: batch size reduction
and quantization [66]. The results show these techniques result
in 14.3% lower accuracy than ConvertNet. This is because
training large models with small batch size (batch size is reduced
by 75%) or low precision (decreased from 32 b to 8 bits) still
has slower convergence speed than our approach.

Maximum model size supported by ConvertNet. Using
LLaMA as an example, Fig. 15 lists the maximum model sizes
supported by PEFT and ConvertNet on various in-vehicle
devices. PEFT supports the largest model size among all baseline
techniques. ConvertNet can support model size of up to
25 GB (11B model parameters, 2.4x more than PEFT). This is
because ConvertNet updates the original model via neuron
indexes rather than performing expensive training. Hence its
supported maximum model size depends on the device’s maxi-
mum available memory and the model’s maximum compression
ratio (e.g. 1.56% for LLaMA).

Discussion of hybrid scaling granularity: Following Fig. 8’s
evaluation setting (that is, training ViT on NVIDIA Xavier NX
using 600 seconds), we compare ConvertNet at the neuron
granularity and at the hybrid granularity (layer and neuron),
respectively. The result shows that the hybrid granularity indeed
accelerates the scaling by 8.91x with similar accuracies.

Discussions of inference-time scaling techniques: Recent
mixture-of-experts (MoE) or dynamic routing architectures are
typically designed for the stationary distribution at the infer-
ence phase. These techniques activate a specific subset of ex-
perts/neurons for each input sample. In contrast, ConvertNet
is designed for evolving distributions at the retraining phase.
Our approach activates a specific subset of neurons for each
new distribution.

Directly applying MoE or dynamic routing techniques suffers
from low accuracy and high overhead in retraining. To demon-
strate this, we select a representative MoE (V-MoE [67]) and
dynamic routing architecture (DejaVu [68]), test it following
Fig. 8’s evaluation setting (retraining on NVIDIA Xavier NX
with retraining window 600 s), and compare it with Convert-
Net in terms of accuracy and memory footprint. Table III’s result
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shows: (1) ConvertNet improves the accuracy by 9.40%,
because MoE techniques suffer from catastrophic forgetting over
evolving distributions. (2) ConvertNet reduces the memory
footprint by 3.28x. This is because MoE techniques may activate
different experts/neurons at different training iterations, thus
maintaining all neurons in the memory during retraining.

The accuracy predictor’s sensitivity to hyperparameters: Us-
ing the traffic sign recognition workload as an example, we
evaluate the predictor’s estimation error under different hyper-
parameters, including learning rates (le-3 and le-4), network
widths (64 and 128), and depths (3, 4, and 5). The results show
that the relative error consistently stays within 3.01%-5.14%.
This indicates that the predictor is insensitive to the hyperpa-
rameters, owing to its simple architecture and solid theoretical
underpinning.

Generalization to non-vehicle workloads: We evaluate Con-
vertNet on a new generic/non-vehicle image classification
workload: a ViT-B/16 model is pre-trained on the ImageNet
dataset [69] and retrained on the ImageNet-C dataset [70].
ImageNet-C includes 15 common distribution shifts such as
noise, blur, and weather changes. The retraining runs on
NVIDIA Xavier NX for 600 s. The results in Fig. 18 show that
ConvertNet improves accuracy by 25.14% over the baselines.
This is because ConvertNet operates on neurons, which are
universal units in deep neural networks and achieve consistently
high accuracy in both vehicle and non-vehicle scenarios.

Integration with other retraining techniques: ConvertNet
can scale the model being retrained by various techniques such as
meta learning [71], federated learning [72], and distillation [73].
To achieve the above objectives, ConvertNet initializes TNM
using the meta model, the model after server-side aggregation,
and the teacher model for meta learning, federated learning, and
distillation, respectively.

We compare the accuracies of these techniques with and
without ConvertNet. Follows Fig. 8’s evaluation setting (runs
on NVIDIA Xavier NX under the retraining window 600 s), the
comparison uses three standard evaluation benchmarks, as listed
in Table IV. The results in Table IV demonstrate that Convert -
Net can improve the accuracies of these retraining techniques
by an average of 7.88%. This is because Conver tNet achieves
a better utilization of available resources during retraining.
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TABLE IV
INTEGRATION WITH OTHER RETRAINING TECHNIQUES
‘Workload 1 2 3
- Meta Federated o
Retraining . . Distillation
R learning learning
technique K (LDRLD [73])
(Reptile [71]) (FedKNOW [72])
Input first 1000 first 10
distribution classes in classes in ImageNet [69]
in pre-training Omniglot [74] MinilmageNet [69]
Input classes
o classes 10-50
distribution 1000-1500 X . ImageNet-C [70]
. . . . in MinilmageNet [69]
in re-training in Omniglot [74]
Model ViT-B/16 ViT-B/16 ViT-B/16
Al
ceuracy 0.6013 0.7231 0.5498
(run alone)
Accuracy
(run with 0.6759 0.8113 0.6233
ConvertNet)
TABLE V

SUMMARY OF EXISTING MODEL SCALING TECHNIQUES

Proportion of

Resource Scaling Network
. . . updated model
consumption time architecture .
weights
hours
Pre-training high ours changeable all
to days
Fine-tuning high seconds changeable all
to days
Inference low seconds  changeable none
i::-:ll:::sg) low seconds fixed partial
Retraining partial
1 s ds h bl
(ConvertNet) ow seconds changeable to all

VI. RELATED WORK

Model scaling has been extensively studied in four stages of a
transformer-based model’s life cycle: pre-training, fine-tuning,
inference, and retraining. In this work, model scaling during
retraining has two requirements: (i) it should be executed under
tight resource budgets and short retraining windows; (ii) it
should complete quickly (e.g. using several seconds) to promptly
handle each resource fluctuation. As listed in Table V, we
summarize existing model scaling techniques in four stages, and
discuss their limitations in meeting the above two requirements.

Model scaling in pre-training: It has been explored mainly
through two lines of work. First, Neural Architecture Search
(NAS) [75], [76], [77], [78], [ 791, [80], [81], [82] scales a model
to multiple sizes, pre-trains each variant, and searches for the
most suitable one for deployment. Second, PruneTrain [30]
progressively prunes the model to accelerate pre-training. Both
of them are typically conducted on servers and consume sub-
stantial resources and prolonged time (several hours [81], [82] to
days[75],[76],[77],[78],[791,[80]). In contrast, ConvertNet
achieves higher accuracy improvement per unit of resources by
leveraging the original model’s large learning capacity using
TNM.

Model scaling in fine-tuning: Given a pre-trained original
model, existing techniques typically compress (i.e. scale down)
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and fine-tune it for a specific downstream application [15], [83],
[84], [85]. Mainstream compression techniques include prun-
ing [83], [86], quantization [66], and knowledge distillation [84],
[85]. These techniques require loading the original model into
memory, and thus may exceed the memory limit of in-vehicle
devices.

Model scaling during inference: Extensive model scaling
techniques have been proposed to make resource-accuracy trade-
offs during inference [68], [87], [88], [89], [90], [91], [92],
[93], [94], [95]. Some of them prepare multiple fixed models of
different sizes, and select one of them according to the available
resources at run-time [88], [89], [90], [91]. The others construct a
model that can dynamically adjust its size to match the resource
budget [68], [87], [92], [93], [94], [95]. These techniques use
models pre-trained on a stationary input distribution and main-
tain model weights unchanged during inference. As a result,
they may encounter a large accuracy drop in in-vehicle scenarios
where the input distribution evolves. In contrast, ConvertNet
supports updating model weights on evolving distributions, and
dynamically select high-contribution neurons/weights for each
new distributions.

Adaptive retraining techniques [27] make accuracy-resource
trade-off during retraining by freezing/unfreezing model param-
eters according to available resources. However, they still rely
on the fixed network architecture of compressed models, which
have lower learning capacity than original models, thus resulting
in lower accuracies when encountering new input distributions.

VII. CONCLUSION

Motivated by frequent resource fluctuations during in-vehicle
continuous learning, we develop a compressed model scal-
ing and retraining system, ConvertNet, which best scales
up/down the model upon the increase/decrease in available
resources. The key novel component of ConvertNet is a
training-time neuron memorizer (TNM) that exchanges rich
knowledge with the compressed model to scale it. Based on
TNM, an accuracy predictor and FLOPs calculator are proposed
to find the optimal scaling option that maximizes accuracy
per unit of resources. ConvertNet achieves up to 34.58%
(22.33% in average) accuracy improvement on six in-vehicle Al
scenarios, compared to state-of-the-art baselines in retraining,
pruning, architecture searching, and scheduling.
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