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Abstract—On-device fine-tuning of CNNs is essential to with-
stand domain shift in edge applications such as Human Activity
Recognition (HAR), yet full fine-tuning is infeasible under strict
memory, compute, and energy budgets. We present LoRA-Edge,
a parameter-efficient fine-tuning (PEFT) method that builds on
Low-Rank Adaptation (LoRA) with tensor-train assistance. LoORA-
Edge (i) applies Tensor-Train Singular Value Decomposition (TT-
SVD) to pre-trained convolutional layers, (ii) selectively updates
only the output-side core with zero-initialization to keep the
auxiliary path inactive at the start, and (iii) fuses the update
back into dense Kkernels, leaving inference cost unchanged. This
design preserves convolutional structure and reduces the number
of trainable parameters by up to two orders of magnitude com-
pared to full fine-tuning. Across diverse HAR datasets and CNN
backbones, LoRA-Edge achieves accuracy within 4.7 % of full fine-
tuning while updating at most 1.49% of parameters, consistently
outperforming prior parameter-efficient baselines under similar
budgets. On a Jetson Orin Nano, TT-SVD initialization and
selective-core training yield 1.4-3.8x faster convergence to target
F1. LoRA-Edge thus makes structure-aligned, parameter-efficient
on-device CNN adaptation practical for edge platforms.

1. INTRODUCTION

Edge devices continue to gain richer sensing stacks and
higher on-device compute, accelerating the practical adoption
of edge-Al. Among edge workloads, Human Activity Recog-
nition (HAR) stands out because it transforms heterogeneous
signals from wearable and ambient sensors into actionable con-
text for healthcare, fitness, and smart IoT systems. In-the-wild
deployments, however, rarely match the training distribution:
user-specific motion patterns, sensor placement and orienta-
tion, device-dependent sampling, and other data characteristics
frequently drift, producing chronic domain shift and accuracy
degradation [1]-[4]. Maintaining accuracy therefore requires
on-device, continual fine-tuning rather than one-shot offline
training [5]-[7].

Full fine-tuning is at odds with edge constraints. Updating
all weights demands significant memory traffic, compute, and
energy under strict latency and power budgets, making this
approach impractical on typical edge SoCs [8]-[11]. Parameter-
Efficient Fine-Tuning (PEFT) is consequently the most re-
alistic path forward. Representative PEFT families include
Adapter modules [12], Low-Rank Adaptation (LoRA) [13],
Bias-Tuning [14], and Batch Normalization (BN) tuning. Bias-
Tuning and BN-Tuning may seem appealing due to their
extremely small trainable footprint and ease of application to
Convolutional Neural Networks (CNNs). Nevertheless, in many
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HAR scenarios they fail to recover sufficient accuracy, limiting
their practical value. Adapter-based PEFT improves adaptiv-
ity but inserts additional modules between backbone layers;
those modules persist after training and increase inference-time
operations and memory—undesirable in resource-constrained
settings.

LoRA has become popular because its low-rank adapters
are trained along an auxiliary path and then merged into the
base weights post-training, leaving inference cost unchanged.
However, LoRA was designed for linear layers (as in Large
Language Models, LLMs) and does not directly accommo-
date the multi-dimensional structure of CNN convolutional
layers, which include output channels, input channels, and
spatial dimensions. A straightforward workaround flattens a
convolutional weight tensor into a matrix and applies LoRA
to the reshaped weights (e.g., LoORA-C [15]). This flattening,
however, ties the adapter rank to the kernel size (for example,
causing trainable parameters to scale with the square of kernel
size), which often forces much larger trainable adapters to
reach competitive accuracy. From an edge on-device learning
perspective, the resulting parameter count and training burden
remain too high, especially for HAR where CNNs are the
dominant backbone family [16]-[18]. In short, directly adopting
PEFT methods developed for LLMs into CNN-based models
on edge devices is ineffective in practice.

A more structure-aligned alternative is to operate in the
native tensor domain of convolutional layers using Tensor-Train
Decomposition (77D). TTD factorizes a high-order tensor into
a sequence of 3D cores, with truncation ranks controlling the
parameter budget. Recent PEFT methods (e.g., LORETTA [19]
and TT-LoRA [20]) exploit tensor trains for linear layers in
LLMs by inserting randomly initialized TT adapters along
an auxiliary path. While this leverages multiway structure,
random initialization discards the rich feature representations
already encoded in pre-trained CNN convolutional layers and
requires learning them from scratch. For CNN-based HAR,
where fine-tuning must be frequent and lightweight, such cold-
start behavior inflates convergence time and energy—directly
undermining practicality on edge devices.

This work proposes LoRA-Edge, a PEFT framework that
aligns low-rank adaptation with the multi-dimensional struc-
ture of CNNs while retaining the operational advantages of
LoRA for inference. Instead of inserting a separate, randomly
initialized adapter, LoRA-Edge applies Tensor-Train Singular
Value Decomposition (77-SVD) [21] directly to pre-trained
convolutional weights to obtain a tensor-train factorization. We
then selectively train only a small subset of TT cores while
keeping the remaining cores fixed. The number of trainable
parameters scales with both TT-rank and kernel mode sizes, and
LoRA-Edge further reduces this budget by updating only se-
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lected cores. Because initialization derives from the base model,
optimization starts from an informed point that preserves useful
feature structure, enabling faster convergence compared to
randomly initialized TT adapters. After fine-tuning, the updated
cores are fused back to dense kernels and replace the original
weights; thus, the inference-time FLOPs and memory footprint
are identical to the unadapted backbone—retaining the merge-
and-run property that makes LoRA attractive, while resolving
the dimensional mismatch for CNNs without flattening.

Our goal is a practical on-device fine-tuning method for
CNN models that (i) preserves convolutional structure with-
out matrix flattening, (ii) minimizes trainable parameters and
SRAM/DRAM pressure, (iii) converges quickly from pre-
trained features, and (iv) preserves inference cost after train-
ing. To demonstrate generality, we validate LoRA-Edge on
diverse CNN backbones (CALANet, T-ResNet, MobileNet) and
datasets (Opportunity, DSADS, RealWorld, RealDisp), which
exhibit challenging domain shifts.

Our contributions are summarized as follows:

1) Structure-preserving PEFT for CNNs. We directly de-
compose multi-dimensional structure with TT-SVD and
perform adaptation in the tensor-train domain, eliminating
the matrix-flattening mismatch inherent to LoRA for con-
volutional layers. This preserves pre-trained structure and
aligns parameterization with channel and spatial modes.

2) Selective core training for edge budgets. We introduce
a strategy that trains only the most impactful TT cores
under explicit rank constraints, sharply reducing trainable
parameters and memory traffic while accelerating conver-
gence. Updated cores are merged post hoc, so inference-time
compute and memory remain unchanged.

3) Comprehensive validation. Across Opportunity, DSADS,
RealWorld, and RealDisp with CALANet, T-ResNet, and
MobileNet backbones, LoRA-Edge performs on-device
adaptation using at most 1.49% of the parameters updated
by full fine-tuning, while limiting the accuracy gap to no
more than 4.7% relative to full fine-tuning—demonstrating
efficiency and practicality under strict edge budgets.

Overall, LoRA-Edge retains the operational simplicity of
merge-after-training adaptation, but replaces matrix-based low-
rank updates with a structure-aligned, TT-SVD-initialized path-
way tailored to CNNs. By exploiting information already
present in pre-trained convolutional layers and updating only
selected TT cores, LoRA-Edge achieves fast, low-overhead on-
device fine-tuning without altering inference cost. In doing so,
this work establishes that on-device learning for CNNs can
move from a theoretical possibility to a practical reality on
resource-limited edge devices.

II. PEFT FOR CNNS: FOUNDATIONS AND RELATED WORK
A. LoRA: From Linear Layers to Convolutions

M and N denote the output and input dimensions of a linear
layer, respectively; r is the LoRA rank with r < min(M, N);
and #(-) indicates the number of parameters. LoORA fine-tunes
a model by freezing a pre-trained weight Wy € RM*N and

adding a trainable low-rank update AW = BA, where A €
R™N and B € RM*"_ During training, the layer output is

h = Wyox + AWz = Wyx + BAz, (D

where z € RY is the input and h € RM is the output. After
training, the merged weight is Wiergea = Wo + AW, and the
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Fig. 1: LoRA overview with trainable low-rank matrices A, B and the
merge into Wy.

auxiliary path is removed, keeping inference-time FLOPs and
memory identical to the frozen backbone [13].

Compared to full fine-tuning, which updates #(Wy) = M N
parameters, LoRA trains only #(LoRA) = r(M + N). A
common initialization sets B=0 and samples A from a zero-
mean Gaussian so that AW=0 at the start. This prevents
abrupt output shifts and ensures the same initial output as
the pre-trained backbone, but also makes early-stage training
sensitive to hyperparameters (e.g., learning rate, variance) [22],
[23] and often slows initial accuracy gains [24]. Despite these
drawbacks, LoRA is widely adopted due to its strong accu-
racy—efficiency trade-off.

Extending LoRA to CNNs: LoRA’s matrix assumption
aligns naturally with Transformer-style linear layers but not
with CNN convolutional layers, in which weights are multi-
dimensional tensors. Here, C,,; and C}, denote the numbers
of output and input channels, respectively, and k denotes the
kernel size (assuming 2D convolutional layers with square
kernels k x k for simplicity). To bridge this gap, LoRA-
C flattens a convolutional weight tensor into a matrix and
applies LoRA in the reshaped space [15]. Concretely, for
Weony € RCoutxCinxkxk 1 oRA-C introduces

A c Rrx(ka)’ B c R(kcout)XT7 AW c R(kCDut)X(kC;n)

then reshapes AW back to RCoutxCinXkXE for merging.

Empirically, LoRA-C often sets the effective rank propor-
tional to the kernel size; for square kernels with v’ = kr, the
trainable parameter count becomes

#(LoRA-C) = 1/ (kCout + kCin) = 1k* (Cout + Cin),

which grows quadratically with the kernel size. As a result,
LoRA-C extends LoRA to CNNs, but its quadratic parameter
growth leads to substantial training-time memory and compute
overhead—Ilimiting practicality for on-device learning.

9

B. TTD and TT-SVD for Efficient Adaptation

a) TT preliminaries: Tensor Train Decomposition (TTD)
factorizes a d-way tensor W € R™> X" jinto cores
{GM, ..., G with

g(k) c R"+—1 XN xrk7 ro =Ty = 1’

where TT-ranks {r} determine both compression and approxi-
mation accuracy. The parameter count reduces from Hle n; to

d . . .
Zk:l rL,—1MkTk, and sequential mode-1 contractions approxi-
mately reconstruct a tensor with the original order.

b) TT-SVD and truncation: TT-SVD decomposes a multi-
dimensional tensor through a sequence of SVDs with rank
truncation [21]. Each step reshapes the current tensor view into
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a matrix, performs an SVD in the form U SV, truncates to a
target rank, and reshapes U into a core while passing VT to
the next step. For stability, at TT-SVD step k& we set

Ttrunc = min(rT7nk)>

where rp is the target TT-rank and n; is the maximum
attainable rank of the step-k£ unfolding. Repeating this from
k=1 to d—1 yields {G),...,G(¢=D} and at the final step
(k=d) the residual £V T is reshaped into the last core G,
Sequential contractions of all cores reconstruct a tensor with
the original dimensions and values up to truncation error.

¢) TT-based PEFT in prior work: Recent PEFT studies use
tensor trains to alleviate matrix-based LoRA limitations by in-
serting TT adapters into linear layers of LLMs [19], [20]. Such
designs initialize TT cores randomly, discarding information
encoded in pre-trained weights and requiring learning from
scratch—slowing convergence, which is critical for frequent on-
device updates. By contrast, SVD-based initialization in matrix
LoRA has been shown to improve early-stage convergence by
aligning gradients with dominant weight directions [24]. TT-
SVD extends this rationale to tensors by directly initializing
cores from the pre-trained parameter tensor.

d) Observation: gradient-rank bottleneck in multi-core
adapters: With small TT-ranks, successive contractions can
attenuate the effective rank of gradients before they reach inner
or input-side cores, analogous to the information bottleneck ob-
served when training only the input-side matrix in LoRA [25].
This effect partially explains why output-side updates (nearest
to Coyt) tend to offer stronger early adaptation for CNN
convolutions, while keeping the number of trainables small.
Another practical consideration is that TT-SVD cores closely
approximate the pre-trained weights; if all cores are left active
at initialization, the layer’s output can be nearly doubled. This
motivates zero-initializing the first core to keep the auxiliary
path inactive until training begins.

e) Takeaways for CNN PEFT: (i) Flatten-and-adapt ap-
proaches (e.g., LoORA-C) incur rank coupling to the kernel area
and quadratic parameter growth in k; (ii) TT adapters capture
multiway structure but benefit substantially from pre-trained
initialization (TT-SVD) to avoid cold starts; and (iii) when TT-
ranks are small (as required on edge devices), focusing updates
near the output side helps preserve gradient information while
containing compute and memory during training. These insights
motivate the structure-preserving, rank-controlled, and selec-
tively trained adaptation pathway developed in our method.

III. PROPOSED LORA-EDGE METHOD

A. Overview

As discussed in Sec. 2, matrix-based LoRA couples the
adapter rank to the kernel size in CNNs, inflating trainable

Algorithm 1 LoRA-Edge Fine-Tuning

Require: Pre-trained CNN M, streaming sensor dataset Dgg
Ensure: Adapted CNN Mqap
1: procedure LORA_EDGE_FINE_TUNE(M)
Construct LoRA-Edge modules with TT-SVD:
for each convolutional layer ¢ in M do
Apply TT-SVD to W, with target TT-rank r7; at each SVD step k,
set Ptrunc < min(ry, ng).
Obtain cores {g(l) .. .,QLE@} with rg = r4 = 1.

!

5
6: Zero-initialize Qe ; mark it trainable; freeze gf), RV géd) and Wp.
7
8

Bl

Define AW, + {ggl), e g,ﬁd)} and attach in parallel to W.
:  end for
9:  On-device fine-tuning under domain shift:
10:  for step = 1 to stepmax do

11: Sample a mini-batch X from Dgg; compute ¥ = M.FORWARD(X).
12: Evaluate loss L = L(Y,Y).

13: Backpropagate gradients only to gé” for all layers ¢; update gél).
14:  end for

15:  Merge LoRA-Edge modules into the backbone:

16:  for each convolutional layer ¢ do

17: Reconstruct AW, by mode-1 contractions and set Wy <— Wy+AW,.
18:  end for

19:  return M,q.p — M

20: end procedure

parameters, while TT-based adapters commonly rely on ran-
dom initialization, slowing early convergence. To address both
limitations, we propose LoRA-Edge, which integrates structure-
preserving TT-SVD factorization of pre-trained convolutional
layer with selective core training.

Fig. 2 illustrates LoRA-Edge on a 2D convolutional layer
(Conv2D): a LoRA-Edge module AW is connected in parallel
to the frozen 4D weight tensor W,. During the forward pass,
the layer output is the sum of the two convolution paths—one
through W, and the other through AW. Among the TT cores
of AW, we freeze all except the output-nearest core and
update only GV, Since TT-SVD cores closely approximate
W, directly enabling the parallel path would nearly double
the initial layer contribution; we therefore zero-initialize G M g0
the auxiliary path is inactive at the start. This design minimizes
trainable parameters while preserving the merge-after-training

property.

B. Detailed Mechanism of LoRA-Edge PEFT

Algorithm 1 organizes the process into three phases: (i)
module construction via TT-SVD, (ii) on-device fine-tuning,
and (iii) module merge.

a) Module construction (Lines 2-8): For each convolutional
layer ¢ with weight tensor W, we apply TT-SVD using a target
rank r7 that governs the adaptation capacity and training foot-
print. At each SVD step k, the maximum attainable rank n; can
be smaller than r7; thus we use r¢unc = min(rr, ng) during
truncation. TT-SVD yields TT cores {gé”, gf), gf’), gé“)} for
a 4D weight tensor. Because these cores closely approximate
W, directly enabling the parallel TT path would double the
layer’s initial contribution. To avoid this, we zero-initialize
gél) and freeze the remaining cores and W,, making only

gél) trainable. The resulting AW, is attached in parallel to
the frozen path.

For 1D convolutional layers (ConvlD), the weight tensor
is 3-dimensional, of size Cy,yy X Ci, X k; this produces TT
cores {G (1), g (2), g (3)}. For clarity, we describe the subsequent
mechanism using a 2D convolutional layer



TABLE I: Summary of HAR datasets and cross-domain evaluation protocols. Opportunity and DSADS model user variation (LOSO); RealWorld
models location variation (LOLO); RealDisp models sensor placement variation (ideal vs. self)

Dataset Subj.  Act. Freq. Win. Sensors Domain split / Notes

Opportunity [26] 4 17 30 Hz 60 Wearable, object, ambient; wearable only used By subject (LOSO). Activities include “drinking from a cup”
and “opening a door.”

DSADS [27] 8 19 25Hz 125 Body-worn sensors By subject (LOSO). Includes dynamic (“running”, “cycling”)
and static (“sitting”, “standing”) activities.

RealWorld [28] 15 8 50 Hz 500  Seven body locations: chest, forearm, head, thigh, By location (LOLO). Activities include “walking”, “running”,

upper arm, waist, shin “climbing stairs”.
RealDisp [29] 17 33 50 Hz 250  Wearable sensors; ideal (predefined) vs. self (user-  Split: ideal — self. Self placement introduces sensor rotation

defined) placement; all locations used

and displacement. We evaluate using subjects 2, 5, and 15.

b) On-device fine-tuning (Lines 9-14): Given streaming
data Dgg under domain shift, we iterate for a fixed number
of training steps. Each iteration samples a mini-batch X and
performs a forward pass to obtain Y. At layer ¢, the output on
input feature map X, is

Yo =Wex Xo+ AWy x X,
= Wes Xo+ (G x1 G x1 G x1 G) « X4, (2)

where * denotes convolution and x; denotes mode-1 con-
traction along adjacent TT ranks. We compute the loss L =
L(Y,Y) and backpropagate only into gél), minimizing gradient
compute and parameter updates.

c) Merge (Lines 15-19): After fine-tuning, we reconstruct
each AW, by successive mode-1 contractions, Qél) X1 g§2> X1

gl@ X1 Q§4), reshape to a 4D weight tensor, and add it to the
frozen backbone weight: W, < W, + AW,. The auxiliary
path is removed, so inference-time compute and memory equal
those of the original model. After merging across all layers, the
original model M becomes the domain-adapted model M yqap.

C. Theoretical Analysis

1) Parameter Efficiency: LoRA-Edge achieves high pa-
rameter efficiency by combining TT-SVD with selective
core training. For a 2D convolutional weight tensor W &
RCousxCinxkxk fy]] fine-tuning updates k2Cly; C;y, parameters.
TT-SVD yields four cores with shapes

g(l) g(2) e RTTXCinXTT7
g(S) g(4) c RrTxkx1

We train only the first core G(Y), which depends solely on
Cout and is therefore unaffected by dynamic input spatial sizes.
Thus the trainable count reduces from k2CoytCin t0 77Cout.
For example, with Cyyy = Ci, = 64 and k = 3, setting
rp = 2 gives 36,864 — 128 (0.347% of full fine-tuning). By
contrast, flattening the kernel and applying matrix LoRA trains
7k (Cin + Cout) parameters; under the same settings and even
with r = 1, this is 384, about 3 larger than LoRA-Edge’s 128.
In commonly used LoRA-C configurations where the effective
rank scales with k (i.e., v’ = k), the trainables further inflate
to 7 k2 (Ciy + Cout), exacerbating the edge training burden.
2) Selective Core Training: LoRA-Edge updates only G(!)
based on both computational and optimization considerations.
Compute and expressivity. Because & < Ci,, Cout, the
spatial-mode cores 9(3) and g<4> are small and have limited
expressivity relative to channel-mode cores G(*) and G (cf.
(3)). Yet backpropagation through a TT path requires separate
gradient contractions for each core; making these small cores
trainable adds overhead with modest payoff on edge devices.
Gradient information preservation. For matrix LoRA,
prior work [25] reported that training only the output-side

IXCout X1
eR out T’

3)

rT XEXT
€ RrTxkxrr

matrix B is more effective than training A alone, while yielding
performance nearly comparable to training both A and B.

The reason is that during the update of A, the gradient g—f,
is premultiplied by BT € R™*%u, reducing its effective rank
from the output dimension d,, to 7 and discarding information.
This gradient rank loss is not unique to matrix LoRA, but also
arises in tensor-train adapters.

Specifically, from (2), the gradients for the input- and output-
nearest cores are

oL oL DT 53T H(2)T
_ xTg®
agél) Yy ( 4 gé gé g@ )7
oL AT T Ty 9L (1
=9, 6,7 g o Xe - 4)
89;4) ( 4 £ 4 ) ay—[ 4
Here, g—é is the gradient with respect to the layer output.

Because TT ranks are intentionally small, repeatedly contract-
ing cores before multiplying by % diminishes its effective
rank—analogous to the bottleneck in matrix LoRA. The same
degradation also appears when training only G2 or G(3).

Rationale for training G(V). Selecting the output-side core
G avoids the gradient bottleneck and empirically yields
the best adaptation performance. Meanwhile, the frozen cores
G, G4 GM are initialized by TT-SVD from the pre-trained
weight tensor and retain its dominant feature directions [24].
As a result, gradients on G(!) are aligned with the base
model and informed by dominant directions retained in the TT-
SVD-initialized cores, yielding a more structured starting point
for updating G(V).

We next validate LoRA-Edge through experiments on diverse
CNNs and HAR datasets.

IV. EXPERIMENTAL EVALUATION

We evaluate LoRA-Edge across four HAR datasets and
three CNN backbones, analyzing initialization, selective core
training, and comparisons against PEFT baselines.

A. Setup and Protocols

We evaluate LoRA-Edge on four public HAR datasets:
Opportunity, DSADS, RealWorld, and RealDisp, under
cross—domain settings that reflect typical deployment shifts.
User variation is captured by Opportunity and DSADS, while
location variation is captured by RealWorld and RealDisp.
Dataset characteristics and cross-domain splits are summarized
in Table 1.

In all experiments, training data serve as the source domain,
and fine-tuning/validation data serve as the target domain. For
user variation (Opportunity, DSADS), we adopt the Leave-One-
Subject-Out (LOSO) protocol: one subject is held out as target,
and the remaining subjects form the source; this is repeated
across all subjects. For location variation (RealWorld), we use
Leave-One-Location-Out (LOLO): one location is treated as the



TABLE II: Fl-score and trainable-parameter ratio across four HAR datasets and three CNN backbones. Results are mean + std for LOSO
(Opportunity, DSADS) and LOLO (RealWorld). RealDisp uses a single ideal—self split (std not applicable). Tr. Param. (%) denotes the fraction
of trainable parameters relative to full fine-tuning of the same backbone.

Method Zero-shot Full-FT Bias-Tuning BN-Tuning LoRA-C LoRA-Edge
Dataset Model F1-score F1-score Fl-score  Tr. Param. | Fl-score Tr. Param. | Fl-score Tr. Param. | Fl-score Tr. Param.
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
T-ResNet | 583 + 1.8 | 90.7 £2.5 | 848 £23 0.49 872 £ 25 0.56 88.4 £+ 3.8 1.10 899 £ 22 0.41
Opportunity | MobileNet | 63.7 £ 6.9 | 90.6 + 1.5 | 85.7 + 2.3 1.16 86.8 £ 2.4 1.15 87.6 £ 24 2.77 88.1 £ 0.9 1.15
CALANet | 525 £9.1 | 878 £ 1.6 | 689 + 4.3 0.20 70.5 + 3.8 0.16 - - 83.1 £ 04 0.24
T-ResNet 814 £ 86 | 994 +0.6 | 989 £ 1.2 0.51 99.2 + 1.1 0.57 98.5 £ 1.6 1.08 99.3 £+ 0.6 0.43
DSADS MobileNet | 79.5 + 10.6 | 99.5 + 0.3 | 98.8 + 0.5 1.32 99.3 £ 0.5 1.31 98.8 £ 0.6 293 99.1 £ 0.4 1.31
CALANet | 803 £8.6 | 99.1 £ 03 | 985+ 1.3 0.21 983 +£ 1.3 0.17 - - 99.0 £+ 0.6 0.24
T-ResNet | 449 + 8.7 | 93.7 £ 2.8 | 845+ 43 0.52 88.5 £ 4.0 0.58 87.8 £ 4.1 1.06 89.5 £ 0.6 0.45
RealWorld | MobileNet | 33.5 £ 7.8 | 92.1 + 2.3 | 28.7 + 3.0 1.50 879 £ 19 1.49 87.7 £ 3.1 3.17 89.8 £ 2.0 1.49
CALANet | 52.1 £84 | 935 +44 | 864 +£69 0.05 87.6 £ 72 0.05 - - 914 £+ 4.7 0.06
T-ResNet 52.36 96.2 78.9 0.48 89.6 0.55 94.0 1.11 94.8 0.40
RealDisp MobileNet 53.52 96.1 82.7 1.08 85.2 1.07 89.3 2.64 93.6 1.07
CALANet 62.59 97.8 88.6 0.09 87.5 0.08 - - 95.6 0.11
— mean(F1 pyoposed = F1 gandom) mean(F1 p,oposed — F1 Random)
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(a) MobileNet (b) T-ResNet
Fig. 3: Average F1 difference (AFI1, %) between the proposed TT-
SVD init. and random init. at the same learning rate 7, across o on
Opportunity dataset.

target while the others form the source; this is repeated across
all locations. For RealDisp, data recorded at the ideal placement
are used as source, and data from the self placement—naturally
introducing rotation and displacement—are used as target.

To cover both ConvlD- and Conv2D-based HAR models,
we use CALANet [18] (ConvlD), MobileNet [30] (Conv2D),
and T-ResNet [16] (Conv2D). Since all datasets are imbalanced
across classes, we report macro Fl-score as the primary eval-
uation metric.

All methods use Adam [31]. The learning rate is 0.01 for all
methods except Full fine-tuning (Full-FT), which uses 0.001.
Target-domain data are split 80%/20% into training/test sets.
Performance is measured at the granularity of optimization
steps; batch size is fixed to 64. When constructing LoRA-Edge
via TTD/TT-SVD, we set the TT-rank of each core to rr=2.

B. Impact of Initialization

Random initialization is sensitive to the variance hyperpa-
rameter o2. To quantify the effect, we compare the TT-SVD
initialization used by LoRA-Edge against random initialization
under LOSO on Opportunity, sweeping o2 and learning rate
n. Fig. 3 visualizes the mean F1 difference (proposed minus
random) averaged over all held-out subjects. In the figure, when
1 is small the color variation along the horizontal axis (i.e.,
across o2) is relatively muted; with larger 7, the horizontal color
change becomes pronounced, indicating stronger sensitivity of
random initialization to o2. Across the entire grid, the aver-
age AFI is positive, showing that the proposed initialization
achieves higher F1 than random under the same 7 and o2.
These results indicate that LoORA-Edge’s initialization strategy
is stable and confers a consistent performance advantage.

C. Selective Core Training Analysis

We empirically verify the benefits of selective core training
and the initialization strategy of LoRA-Edge. Specifically,

Training Steps Training Steps
(a) MobileNet (b) T-ResNet
Fig. 4: F1 over 50 steps for TT-core training strategies on RealWorld.

we evaluate six variants: g<1> only (the LoRA-Edge default),
G@ only, G® only, G only, All (train all TT cores initial-
ized by TT-SVD), and All & zero-init G™V) (zero-initialize G(V)
and then train all cores). We report step-wise F1 over 50 steps
on RealWorld with MobileNet and T-ResNet.

As shown in Fig. 4, ¢ only (red) and All & zero-init
G (green) achieve similarly strong performance and clearly
outperform the other variants on both backbones. Given that
¢ constitutes only a small fraction of all TT-core parameters,
this demonstrates the parameter-effectiveness of the LoRA-
Edge update. By contrast, training only the other cores yields
weaker gains, which aligns with the limited expressivity and
gradient bottlenecks discussed in Sec. III-C2. Moreover, the All
strategy (blue) starts from noticeably lower F1, consistent with
the output amplification described in Sec. III-B when enabling
the TT path without zero-initializing G().

D. Performance Comparison with Other PEFT Methods

We compare LoRA-Edge to Zero-shot (source-only), Full-
FT (full fine-tuning), and CNN-compatible PEFT baselines:
Bias-Tuning, BN-Tuning, and LoRA-C. Because LoRA-C is
designed for Conv2D, it is not applied to CALANet (Conv1D).
For comparability of trainable budgets, the LoRA-C rank is set
to r=1. As a realistic edge constraint, all fine-tuning runs are
limited to 50 steps. Note that typical fine-tuning in prior work
often uses hundreds of steps [32]-[34], but we restrict to 50 to
reflect edge-device constraints.

Table II reports Fl-score and the ratio of trainable pa-
rameters. Results for Opportunity and DSADS (LOSO) and
RealWorld (LOLO) are presented as mean =+ std across
folds, while RealDisp (ideal—self) is reported as a single F1
value without variance because only one split exists. Zero-
shot performance corresponds to applying the source-trained
model directly to the target domain without fine-tuning. As
expected, Full-FT achieves the highest F1 across datasets and
models, serving as an upper bound but requiring updates to
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Fig. 5: Confusion matrices of LoRA-Edge on Opportunity.

all parameters—impractical on resource-constrained devices.
Among PEFT methods, LoRA-Edge attains the highest F1 in all
cases except MobileNet on DSADS, while preserving a small
trainable footprint.

Results for Opportunity (LOSO) show that all PEFT methods
(except LoRA-C) use < 1.16% trainables. LoORA-Edge achieves
the highest mean F1 among PEFT methods and shows smaller
standard deviations than most alternatives, indicating subject-
to-subject consistency. For DSADS (LOSO), Zero-shot F1 is
already relatively high (at least 79.5%), reflecting stronger
subject similarity. All PEFT methods exceed 97% FI1 on
all backbones, and LoRA-Edge provides competitive means
with the smallest or among-the-smallest standard deviations,
demonstrating stable adaptation.

In the RealWorld (LOLO) scenario, LoRA-Edge uses <
1.49% trainables across backbones and yields the highest
mean F1 for T-ResNet, MobileNet, and CALANet. Bias-Tuning
produces notably low F1 on MobileNet (28.7%), consistent
with its limited capacity when only bias terms are updated [35].
While BN-Tuning slightly reduces the standard deviation on
MobileNet, LoRA-Edge achieves the lowest standard deviation
on T-ResNet and CALANet, underscoring overall consistency
across locations. For RealDisp (ideal—self), LoRA-Edge uses
< 1.07% trainables and attains at least 93.6% F1 on all
backbones, outperforming Bias-Tuning (min. 78.9%) and BN-
Tuning (min. 85.2%) at similar parameter ratios. This indicates
that LoRA-Edge narrows the gap to Full-FT while retaining
parameter efficiency under sensor displacement and rotation.

E. Error Analysis with Confusion Matrices

Fig. 5 shows confusion matrices on the Opportunity dataset
(A1-A17) when applying LoRA-Edge with MobileNet and T-
ResNet. The x-axis denotes predicted labels and the y-axis
denotes ground truth. Per-subject matrices are computed and
aggregated across subjects. Both models exhibit strong diagonal
structure, indicating stable classification performance. Notably,
A5 (Open Fridge) and Al16 (Drink from Cup) exceed 95%
accuracy. A pronounced mutual confusion is observed between
A7 (Open Dishwasher) and Al5 (Clean Table), indicating
that certain activity pairs are inherently difficult to separate.
Nevertheless, LoORA-Edge overall demonstrates effective class
discrimination across the 17 activities.

F. Convergence Speed on Edge Devices

To demonstrate the practicality of LoRA-Edge on real edge
devices, we compare the convergence time of different PEFT
methods using an NVIDIA Jetson Orin Nano development
kit [36]. The Jetson Orin Nano is equipped with an Ampere
GPU with 1,024 CUDA cores and 8 GB of memory, providing a
realistic edge-Al computing environment for HAR applications.

Time to reach F1 = 85% of F1 5,

Bl Bias-Tuning
Bl BN-Tuning
Bl LoRA-C

Il [ oRA-Edge (ours)

HE
CALANET
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(a) 85% of Full-FT

e Time to reach F1 = 90% of F1;,;;  [mmBias-Tuning
2 6000 ) Bl BN-Tuning
Z 4000 B LoRA-C
2 2000 I_llj Bl LoRA-Edge (ours)
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T-ResNet MobileNet CALANET
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Fig. 6: Convergence time of PEFT methods on the Jetson Orin Nano
at 85% and 90% of Full-FT.

For clarity of comparison, convergence-time analysis is re-
ported on the RealDisp dataset. Unlike other datasets (e.g.,
Opportunity, DSADS, RealWorld), which involve many pos-
sible target domains depending on subject or location splits,
RealDisp in our setup provides a single ideal—self partition,
avoiding confounding effects from target-domain selection. A
broader evaluation across multi-domain settings is left outside
the scope of this analysis.

Using the Full-FT F1 in Table II as the upper bound, we
measure the time required for each PEFT method to reach
85% and 90% of this bound. Fig. 6a and Fig. 6b show the
convergence times on RealDisp with three CNN backbones:
T-ResNet, MobileNet, and CALANet. We compare against
Bias-Tuning, BN-Tuning, and LoRA-C; note that LoORA-C was
originally designed for Conv2D layers and is therefore excluded
from experiments with CALANet, which is based on Conv1D.

Fig. 6a presents the time to reach 85% of the Full-FT upper
bound. Across all CNN backbones, LoRA-Edge converges the
fastest: on average, it achieves the target performance within
one second, whereas the other PEFT baselines require approx-
imately 1.4x to 3.5x longer. This advantage is consistently
observed at the 90% threshold in Fig. 6b. In particular, Bias-
Tuning requires about 3.8x more time than LoRA-Edge to
reach 90%, highlighting its limited practicality when higher
accuracy is required.

Through this convergence-time comparison on a representa-
tive off-the-shelf edge-Al platform, we verify that LoORA-Edge
converges faster and more stably than previously proposed
PEFT methods. These results demonstrate that LoRA-Edge
is a feasible on-device PEFT approach capable of achieving
effective real-time domain adaptation even under strict compu-
tational and power constraints.

V. CONCLUSION

We presented LoRA-Edge, a structure-preserving PEFT
framework for CNNs that applies TT-SVD to pre-trained con-
volutional layers, selectively updates only the output-side core
with zero-initialization, and merges the update post-training to
preserve inference efficiency. Across four HAR datasets and
three CNN backbones, LoRA-Edge achieved accuracy within
4.7% of full fine-tuning while training at most 1.49% of param-
eters. On-device evaluation further confirmed its practicality:
LoRA-Edge converged up to 3.8x faster on a Jetson Orin
Nano, demonstrating both training efficiency and deployment
feasibility under strict edge budgets. These results highlight
that merge-and-run adaptation, aligned with the tensor structure
of CNN weights, turns parameter-efficient fine-tuning into a
practical mechanism for real-world on-device learning.
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