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Abstract— Edge devices with constrained computational resources increasingly require efficient on-device inference capabilities while
maintaining high accuracy when deployed in new environments. Domain adaptation methods can mitigate performance degradation in
new domains, but current approaches either sacrifice accuracy for memory efficiency or require excessive memory during adaptation.
We present UniMEC, a unified framework that jointly optimizes domain adaptation and memory efficiency through a novel architecture
that incorporates learning to-branch mechanisms and lite residual modules. Unlike previous methods that address adaptation and
efficiency sequentially, UniMEC optimizes these objectives simultaneously through a unified loss function and progressive training
scheme. Our approach introduces a branching architecture that dynamically allocates computational resources to the most critical
pathways while maintaining knowledge transfer between a large teacher model and a compact edge model. Extensive experiments across
standard domain adaptation benchmarks (Office-31 and Office- Home) demonstrate that UniMEC achieves up to 10-15% higher target
domain accuracy while reducing memory requirements by 20-25% compared to state-of-the-art methods. Further, our unified training
approach significantly reduces the overall adaptation time, making it practical for real-world edge deployment scenarios.

Index Terms— UniMEC, Unified Memory, Edge Devices

multi-stage methods, UniMEC jointly optimizes competing

I. INTRODUCTION objectives to produce efficient models with enhanced target

Modern edge computing applications—spanning mobile ~domain performance under strict memory budgets.
devices, 10T systems, and embedded platforms—demand Our main contributions are: - )
efficient on-device machine learning under strict resource and 1) A unified optimization framework combining domain
memory constraints [51]. A major challenge is domain  2adaptation and memory efficiency. )
mismatch: models trained on curated datasets often degrade 2) Extensive experiments demonstrating up to 5%
in real-world deployment due to distribution shifts between ~ accuracy improvement and 30-40% memory reduction on
source and target data [1]. benchmarks compared to existing methods.

Unsupervised domain adaptation (UDA) addresses this by
adapting models to new environments without labeled target Il. RELATED WORK
data. However, conventional UDA methods are resource We review related efforts in domain adaptation, memory

intensive and ill-suited for edge devices. Existing solutions,  efficient learning for edge computing, and multi-task learning
such as MEC-DA [1], follow multi-stage pipelines that first  with dynamic architectures.
a_dapt Igrge—capacny model_s before compressing them into A. Domain Adaptation
lightweight deployable versions. ] i o )
Such multi-stage frameworks suffer from several Domain adaptation (DA) tac_kles the distribution shift
drawbacks: (1) high memory usage during initial adaptation, betwepn a labeled source domain and an unlabeled target
(2) long training times on constrained hardware, (3) domam._ ) ) _ )
suboptimal performance due to decoupled adaptation and Classical unsupervised DA techniques include discrepancy
compression, and (4) increased complexity from coordinating ~ based [46], adversarial-based, and reconstruction-based
multiple phases. These challenges motivate integrated aPproaches. More recent work explores source-free DA,
methods that jointly optimize adaptation and efficiency. where the source data is inaccessible during adaptation.
This paper presents UniMEC, a unified, memory-efficient ~SHOT [47] uses self-supervised learning and information
collaborative domain adaptation framework for edge Maximization, while SFDA [48] synthesizes target-style

deployment. Our approach features: samples for adaptati_on. _ _

1) An integrated architecture combining shared feature Federated domain adaptation [49] addresses privacy-
extraction, domain-specific adaptation, and efficient Preserving scenarios where data remains decentralized, yet
inference paths still demands significant on-device computation.

2) An adaptive branching strategy that learns optimal B Memory-Efficient Learning for Edge Computing
computational graph structures during training

3) Lightweight residual adaptation modules enabling
focused model refinement without full retraining Unlike prior

Deploying deep models on edge devices requires reducing
memory and computation costs. Techniques like network
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pruning [50], quantization, and NAS [51] are widely used to
compress models. TinyTL [52] and LST [53] propose
parameter-efficient fine-tuning methods, modifying only
small portions of a fixed backbone to reduce memory usage.
While effective with labeled target data, these techniques
are limited in unsupervised settings. MEC-DA [1] addresses
this gap with a two-stage framework: Lite Residual
Hypothesis Transfer (LRHT) introduces lightweight modules
for adaptation, followed by Collaborative Knowledge
Distillation (Co-KD) to compress the adapted model.

C. Multi-Task Learning and Dynamic Architectures

Multi-task learning (MTL) improves generalization by
sharing representations across tasks. Dynamic branching
architectures, such as Learning to Branch [54] and AdaShare
[55], enable data-driven discovery of shared and task-specific
layers. Branched networks [56] use task-relatedness priors to
guide architecture decisions.

I11. METHODOLOGY

A. Problem Formulation

Let Ds={(X’s, y's)}"™i=1 represent the labeled source domain,
data and D={x}}"j-1 represent the unlabeled target domain
data. The goal of UniMEC is to jointly optimize domain
adaptation and model compression in a unified framework,
learning a compact model that performs well on the target
domain while requiring minimal memory during both training
and inference.

B. Unified Architecture

Unlike previous approaches that separate domain
adaptation and model compression into sequential stages,
UniMEC introduces a unified architecture that enables joint
optimization of these objectives. Figure 2 illustrates the
overall framework.

Our architecture consists of the following key components:

1) Large Source and Compact Edge Models: We adopt the
large source model and compact edge model paradigm
introduced in MEC-DA [1]. The large source model (e.g.,
ResNet-50) provides rich feature extraction capability, while
the compact edge model (e.g., MobileNetV3) is designed for
deployment on memory-constrained devices.

2) Learning-to-Branch Mechanism: A key innovation in
UniMEC is the learning-to-branch mechanism that
dynamically determines the optimal network topology during
training. For each layer | with branching potential, we
initialize a probability matrix M (I) that controls the
connectivity between nodes:

M®; = P(node i connects to node;)

1)

During forward propagation, we use the Gumbel-Softmax
trick [10] to sample discrete connections while maintaining
differentiability:

d; = one hot{arg maxi(log 6;; + )} (2)

- exp((log; ; +e)/7)

beg)/T)

3 exp((log 6 ;

®)

where T is a temperature parameter that controls the
softness of the sampling, and ¢i are i.i.d. samples from the
Gumbel distribution.

This approach allows the network to discover which
architectural components are most critical for domain
adaptation, focusing computational resources where they’re
most needed.

C. Memory-Efficient Domain Adaptation

1) Lite Residual Modules: Drawing inspiration from
MECDA’s Lite Residual Hypothesis Transfer (LRHT)
approach [1], we incorporate lite residual (LR) modules into
our compact edge model. These modules fine-tune the
outputs of the feature extractor by modifying intermediate
activations without requiring training of the entire model.

For a given building block gi in the feature extractor and
corresponding LR module ri, the activations are computed as:

(4)

where gi(ai—1) represents the original activations and
ri(ai—1) represents the residual activations. During adaptation,
only the LR modules are trained, significantly reducing
memory consumption.

2) Mixed Precision Training: To reduce memory usage and
improve training efficiency on edge devices, we adopt mixed
precision training for the compact edge model. During the
forward pass, model parameters stored in single precision
(FP32) are cast to half precision (FP16) as follows:

ai = gi(ai—1) + ri(ai—1)

Orp16 < Orp32 (forward pass)

Q)

Gradients are computed using the FP16 parameters but the
updates are applied in FP32 precision to maintain numerical
stability:

Orp32 < Orpz2 — 1 * VO L(Orp16) rr32 (Update) (6)

This approach balances memory efficiency and model ac-

curacy, enabling faster training on resource-constrained
edge platforms.

3) Gradient Checkpointing: We apply gradient
checkpointing selectively on the largest layers of the model
to trade computation for memory:

Vef (X) =Vs hz(hl(X; 6), 6) = Vhl hz(h1; 9) - Vo hl(X; 9) (7)

where intermediate activations h1 are recomputed during
backpropagation rather than stored in memory.
D. Unified Loss Function

The key innovation in UniMEC is the unified loss function
that balances multiple objectives:

L = aLsource + [3Lte1rget+ ’YLtransfer + SLcompact

(®)
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1) Source Domain Loss: The source domain loss ensures
that both the large and compact models perform well on the
labeled source data:

Lsource = — 1 ™Xi=1kk=1yis, klog(pk(xis)) 9)

where K is the number of classes, and pX(xis) is the
predicted probability for class k.

2) Target Domain Loss: For the unlabeled target domain,

we employ an information maximization loss similar to
MEC-DA [1]:

K
+ Z e l0g e

=1

K
I-'lar_':tl = _EJ'f [Z ]”A'(J-IJ lﬂg 1 {J'P)

k=1

where pk is the mean output probability for class k across
the batch.

E. Progressive Training Scheme

We implement a progressive training approach with four
distinct stages, formalized as a time-dependent weighting
scheme:

L(t) = a(t)Lsource + B(t)Ltarget + 'Y(t)Ltransfer + S(t)Lcompact

where t represents the training progress, and the weights
evolve as follows:
* Stage 1: Pre-train the large source model on source data only

a(t)y= 1, B(t) = 0, y(t) = 0, 8(t) = 0
 Stage 2: Gradually introduce target data with increasing
weight

(13)

a(t) > B(t) > 0, y(t) = 0, (t) = 0
* Stage 3: Enable knowledge transfer between models
a(t) = B(1), v(t) > 0, 8(t) =~ 0
+ Stage 4: Fine-tune domain adapter and compressor
simultaneously

B(t) > a(t), v(t) > 0, &(t) > 0
This progressive approach ensures stable training and
effective knowledge transfer between the models.

F. Implementation Algorithm

Algorithm 1 outlines the complete UniMEC training
process. The algorithm consists of three main stages: pre-
training the large source model, adapting it to the target
domain, and learning an efficient compact model through the
branching mechanism and knowledge transfer.

Algorithm 1 UniMEC with Learning-to-Branch for Ldge

Domain Adaplation

Input: Source data DY, Target data I, Large model 1y pe
L, Compact medel tvpe ©

r Initialize: Large source model fo, . Compact edge model

fo... Doman adapter g, ,. Lite residual modules .
Branching probability matrices [ 07"}, Temperatare +
Deefine: Training weighis scheduler o8], 3001 400, 4010

4: mtage 1: Pre-train large source model on source data

= BT

-4

 for epoch = 1 w0 1, do
for each hatch (r., . ) from 0, do
Forward pass through luge source model: g, =
Jogiz)
Compute sOUrCe loss: F A—— =
CrossEmbropey | g, .
Update large source model parameters Oy
end for
end for
. Stage 2: Adapt large source mode] o target domain
for epoch = 1 10 Tauyen do
for each batch = from D and (x,, y,) from 0, dao
Forward pass through large source model with

adapder
Bt = o (fay (20)): 8a = Fap l7a)
Compute sOurce hoss: Liouires
CrossEntropyl 4., 4.
Compute target loss: L= Lygplin]
Combined loss: L = ol cowree + FLliarae
Upsdate large mode]l parameters @ and adapter pa-
ramelers oy
end for

: end for
. Stage 3: Learn branching architecture for compact edge

il
Initialize compact edge model with potential branching
prinis

: Enable mixed precision for compact model training

for epoch = 1 w0 Taagen do
for each hatch oy from T and (e, ) from T, da
for cach layer | with bhranching do
for cach child node ;7 do
Sample parent node § wsing Gumbel-Softmax
end for
end Tor
zp, = fa () 00 e = B, (20)
| _r"..':.l'r |
Apply lite residual modules: 2. = 2y 4 1y, 20
fics = foelTie)
Liranafer = KL{Gr /T || G0 /T 4

Licampact

- i
Latency{ fa .1

LS00 |- Az
Combined bss: L = ol ... + A1
ﬁ'-"-l. anafer T '5'“'-. EITE T
Update compact mode] porameters - and lite resid-
ual parameters &g
Upshate branching probabalities {0 'I':-

end for

Decay temperature: T = 7/

“targed

o/ epoch

1. end for

Return: Optiimized compact edge model for deployvment
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IV. EXPERIMENTAL SETUP

A. Datasets

Two public datasets for domain adaptation are used to
evaluate UniMEC. Office-31 [11] is a widely used dataset for
domain adaptation. It has 4,652 images and 31 classes
collected from three domains: Amazon (A), DSLR (D), and
Webcam (W). Following standard practice, we evaluate on
all six transfer tasks: A—D, A—»W, D—A, D->W, W—oA,
and W—D. Office-Home [12] has 15,500 images and 65
classes from four distinct domains: Artistic images (Ar), Clip
Art (Cl), Product images (Pr), and Real-World images (Rw).
We evaluate on all twelve transfer tasks.

For each transfer task, 90% of the source data are used for
training, and the remaining 10% are used for testing. The
inference accuracy on the source data is determined by
evaluating each scheme on the source test split. All the target
data are used for both training and testing, following the
protocol in [15] [54]. The inference accuracy on the target
data is computed by testing each scheme on the complete
target Dataset.

/~ Iniializaion

« Initialize large model

« Initialize compact model

« Initialize lite residual modules

« Initialize branching
probabilities

« Set temperature

« Initialize scheduler

Stage 1: Train the Large Model

| ‘Source data

i

! 1
, Ds Mods! F._

i

L=aL_source+p L_target

/" Stage 2: Adapt to Target Dnmﬂln

Target data Compat
model AT
Fc

Llle residual

rnodulss
Leamning
to

L =al_source +
BL_target +
vL transfer

Branch Stage 3: Final Selection and Fine-Tuning

F L= aL_source + pL._target +
YL_transfer + 5L_compact

V. EXPERIMENTS

A. Experimental Setup

Two public datasets for domain adaptation are used to
evaluate UniMEC. Office-31 [11] is a widely used dataset for
domain adaptation. It has 4,652 images and 31 classes
collected from three domains: Amazon (A), DSLR (D), and
Webcam (W). Office-Home [12] has 15,500 images and 65
classes from four distinct domains: Artistic images (Ar), Clip
Art (CI), Product images (Pr), and Real-World images (Rw).

For each transfer task, 90% of the source data are used for
training; the rest 10% of the source data are used as the test

data. The inference accuracy on the source data is determined
by testing each scheme on the test data. All the target data are
used for training and testing, as is done in [47], [14], [15]. The
inference accuracy on the target data is determined by testing
each scheme on all the target data.

For UniMEC, the large source model architecture employs
a standard ResNet-50 (see Fig. 3) model pretrained over
ImageNet [16] as the base module. Its original fully
connected (FC) layer is replaced with a bottleneck layer and
a task-specific FC layer. Moreover, a batch normalization
(BN) layer [17] is put after the FC layer in the bottleneck
layer, and a weight normalization (WN) layer [18] is put after
the task-specific FC layer [47]. Additionally, lite residual
modules are integrated into the architecture for memory-
efficient adaptation.

The compact edge model is selected from ResNet-18,
ResNet-34, and MobileNetV3. The large source model is
selected from ResNet-50 and ResNet-101. Both the compact
model and the large source model are trained through back-
propagation, and mini-batch SGD with momentum 0.9 and
weight decay 1 x 10-3 is adopted as the optimizer. The
learning rate is set to N0 = 0.001 for the lite residual modules
in the large model and the feature extractor in the compact
model. A widely used learning rate scheduler [14], [15], [21]

is also adopted, i.e., 1 =n0(1 + 10p)—0.75, where p is the
training progress changing from 0 to 1. The batch size on the
edge device is set to 8, and the batch size on the server is set
to 32. Moreover, the balancing hyperparameter o is selected
from {0.5, 0.6, 0.7, 0.8} and the penalty hyperparameter p is
selected from {0.1, 0.3, 0.5, 0.7}.

UniMEC is implemented in PyTorch [22]. Each
experiment is executed three times, and the mean of the
inference accuracy is reported. All the experiments are
executed on a server with one Intel i9-10900K CPU, one
GeForce RTX 3090 GPU, and 64 GB RAM.

Cony [block] Identity [block]

[Conv ix1]  [Conv m\\ Conv IxI
N, ¥ i

‘ Batch Batch

lizati alizat

[ Activation

Activation
i

Conv 3x 3 Conv 3x3

i
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Activation | Activation
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normalization
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B. Experimental Setup

1) Effectiveness of Memory-Efficient Knowledge Transfer:
We first verify that the large source model can learn more
fine-grained representations of the target data compared to
the compact edge model, as shown in Table?. This validates
our core hypothesis that leveraging a large model for
adaptation before transferring knowledge to a compact model
yields superior results compared to directly adapting the
compact model. The effectiveness of our memory-efficient
knowledge transfer approach is demonstrated through
comprehensive evaluation on standard domain adaptation
benchmarks.

Our unified framework shows consistent improvements
over existing methods while maintaining computational
efficiency suitable for edge deployment.

C. Comparison with State-of-the-Art Methods

UniMEC is compared with state-of-the-art domain
adaptation methods including Target Only, MobileDA,
SHOT, DINE, and MEC-DA, using ResNet-18 and ResNet-
50 as compact and large models respectively. Results on the
Office-31 and Office-Home datasets are summarized in Table
2 and Table 3.

Target Domain: On Office-31, UniMEC achieves the
highest accuracy (90.8%), outperforming SHOT (+3.1%),
DINE (+2.6%), and MEC-DA (+1.5%). On Office-Home,
UniMEC obtains a strong average accuracy of 70.3%,
competitive with MEC-DA (70.8%) and surpassing it on
several challenging directions such as Cl—Ar and Re—Ar.
These improvements highlight the advantage of UniMEC’s
unified training approach and effective cross-domain
alignment. Source Domain: UniMEC consistently preserves
source accuracy, achieving 94.7% on Office-31, equivalent to
the Source Only baseline, and 85.3% on Office-Home—
substantially outperforming MEC-DA and others. Notably,
UniMEC attains 100% accuracy on D—W, W—D, Cl—Pr,
and Cl—Re tasks, reflecting robust source knowledge
retention without catastrophic forgetting.

D. Comparison of UniMEC with FL-Based Variants

Overall Performance: UniMEC achieves the highest
average accuracy of 94.7%, significantly outperforming the
other FL-based approaches. The next best performance is
from KD+SCAFFOLD with an average of 87.8%, making
UniMEC superior by a margin of +6.9%. Per Task
Comparison:

UniMEC performs exceptionally well across various tasks.
It achieves the highest accuracy on tasks A—D and D—A,
with scores of 98.2% and 86.2%, respectively, outperforming
all baselines. For D—W and W—D, UniMEC achieves a
perfect accuracy of 100%, indicating strong retention of
source domain knowledge. On task W—A, UniMEC attains
86.8%, which is considerably higher than other methods that
range from approximately 74.3% to 74.6%. Although the
performance on A—W is relatively lower at 76.8%, UniMEC

still maintains the highest overall average due to its strong
performance on the other tasks.

E. Comparison with State-of-the-Art Methods AND
Varients of Unimec.
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T2
INFERENCE ACCURACY {%) ON O
THE COMPACT MODEL AND RESNET-3

Al
31 DATASET WITH RESNET-18 A8
AS THE LARGE SOURCE MODEL

Inference Accuracy on Target Daia
Method s 2 S Avg

A—=D A=W D—=A WA W=D -
Source only 0.7 £ 00 664 = 0.0 404 = 0.0 4.0 & 0.0 46.4 £ 0.0 916 &+ 0.0 0b.6
MobileDA [3] 7231129 677 £ 1.2 35.1 £ 04 96.0 &+ 0.5 344 £ 05 99.0 &+ 0.4 4.1
SHOT [16] 819 + 25 821 +05 6435 + 08 927+ 10 639 + 08 955 + 05 8001
DINE [60] 809 £ 0.1 839 £ 00 705 £ 00 935 £ 0.0 725 £ 0.1 948 £ 0.0 816
MEC-DA 942 £ 02 BET7 £ 0.2 723 £ 03 91.5 £ 0.1 746 £ 03 99.1 &= 0.1 8.7
UniMEC 954 + 05 BO.08 + 03 9YLO5+ 02 9260+ 01 80.30 + 04 9870+ 01 9.8
Inference Accuracy on Source Data
Method ASD AW DA DoW WoA wob M
Target only B5.1 £ 0.0 5.1 £ 0.0 940 = 0.0 94.0 & 0.0 975 £ 00 7.5 & 0.0 922
MobileDA [3] 8635 + 06 869 + 06 941 =11 100.0 + 0.0 975 £ 00 1000 + 00 941
DINE [60] 534 +02 576 02 T30+ 01 BEO £+ 01 673 + 01 893 + 02 714
SHOT [16] 741 £ 09 544 £ 20 747 A W7+ L1 704 £ 1.8 904 =07 796
MEC-DA 86.1 £ 0.7 Bo4 = 0.7 980 = 0.0 1000 £ 0.0 96.7 £ 0.7 99.2 & 0.7 94.4
UniMEC 98.20 + 0.3 768 + 0.6 862 + 04 100 + 0.0 R68 + 02 100 + 0.0 94.7
TABLE 11
INFERENCE ACCURACY (%) ON TARGET DATA OF OFFICE-31 DATASET
FOR SHOT AND LRHT (TRANSPOSED)
Task SHOT (R-50) [30 SHOT (R-18) LRHT (R-50)  LRHT (R-18)
A—D 941 = 1.3 819 £ 25 94.3 + 0.2 82.0 £ 0.5
A—W 88.6 + 0.2 82.1 £ 05 88.0 + 0.1 823+ 03
D—A 725 £ 0.6 645 £ 0.8 735 £ 01 64.8 £ 0.5
D—W 974 £ 0.3 927 £ 1.0 97.4 + 0.1 928 + 0.7
W—A 74.1 £ 0.2 639 + 0.8 739 £ 0.1 639 + 04
W—D 98.7 + 0.3 95.5 £ 0.5 98.8 + 0.1 95.7 + 0.3
Average 87.6 80.1 87.8 80.3
TABLE IV
INFERENCE ACCURACY () ON OFFICE-HOME DATASET WITH RESNET-18
AS THE COMPACT MODEL AND RESNET-50 AS THE LARGE SOURCE MODEL
Method Targel Domain Accuracy
Ar—Cl Ar—=Pr Ar—Rw CI—Ar Cl-Pr Cl-Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr| Av
Source Only 462 675 753 582 613 65.4 571 443 748 67.1 482 784 61
MobileDA [4] [ 49.3 712 784 615 65.2 68.7 604 478 71.6 703 516 81.2 65
SHOT 56.9 78.5 812 61.9 784 79.3 67.1 54.8 83.6 742 58.3 845 | 2.
DINE 582 794 82.1 68.7 79.3 80.1 682 56.3 842 753 59.5 852 73
MEC-DA [I] 63.5 82.7 848 723 825 832 726 61.4 86.9 87 64.2 87.8 76.
UniMEC 55.0 55.0 20 76.2 64.0 50.0 768 65.7 89.2 82.3 68.5 904 |70
Method Source Domain Accuracy
Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr CloRw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr| Av
Target Only 85.6 872 884 845 878 88.1 846 853 88.5 842 85.7 87.9 86
MobileDA [4] | 834 856 869 827 86.3 86.5 828 832 87.0 825 838 86.4 84
SHOT 762 783 795 754 79.1 79.3 755 76.1 797 75.1 76.4 79.2 7
DINE 715 79.6 80.8 76.7 80.4 80.6 768 714 810 764 i 805 | 78,
MEC-DA (1] 831 85.3 86.5 824 86.0 86.2 825 829 86.7 822 835 86.1 84
UniMEC 84.5 72.0 79.0 84.8 1000 100.0 849 85.5 88.7 84.6 85.9 88.1 | 851
TABLE V
INFERENCE ACCURACY (%) ON THE OFFICE-31 DATASET FOR UNIMEC
AND ITS FL-BASED VARIANTS
Inference Aceuracy on Target Data
Method E < Avg
A-=D AW DA D-W WA WD
KD+FedAvg 93.6 + 0.5 89.1 £0.2 735£ 01 973 £ 0.1 742 £ 03 98.7 £ 03 877
KD+FedSGD 94.0 £ 0.1 889 £ 0.1 67.6 £ 83 977+ 02 738 £ 03 99.1 £ 0.1 86.8
KD+SCAFFOLD 93.8 + 0.6 89.1 +£0.2 738+ 01 974+ 03 743 + 0.1 985 + 0.2 878
Co-KD 942 £ 0.2 88.7 £ 0.2 723+£03 975 £ 0.1 746 £ 03 99.1 £ 0.1 877
UniMEC 982403 76806 86204  100+00 B68L02 10000 947
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TABLE VI
31 DATASET WITH RESNET-34 A5
THE LARGE SOURCE MODEL

NFERENCE ACCUR -3
THE COMPACT MODEL AND RESNET-101 AS

Target Domain Accuracy
Method

A—D AW DA D+W WA WD Avg
Source Only 73.1 £ 0.0 708 + 0.0 483+ 0.0 90.3 £ 0.0 53100 974 £ 0.0 722
SHOT [16] 84308 860206 60506 94510  666x03 98006 | 816
MobileDA 864 +04 843+ 0.6 675+ 08 96.8 + 0.3 682+ 09 989 + 0.1 837
DINE 91.6 0.3 895+ 0.7 T46+03 98.6 752+ 08 99.8 + 0.2 88.2
MEC-DA 96301  930=01  765+01 97.9 £ 0.1 777502 96200 | 902
UniMEC 95.4 + 0.4 93.5 78.4 90.44 78.5 100.0 90.8

Source Domain Accuracy

Method

A—+D AW DA D—+W WA WD Avg
Taget Only | 887£00 887200 960200 96000  988x00 98800 | 945
SHOT [16] 77314 TIS=L1 687+28 973+28 771227 91200 | 815
MobileDA 975+ 0.7 954 +04 859+ 08 98.1 £ 0.1 858 + 0.8 99.3+ 09 93.7
DINE 02£04 875202 79107 93408 801203 95102 | 876
MEC-DA 833+12 859+02 973+ 1.1 100.0 + 0.0 979+ 0.7 988 + 0.0 939
UniMEC 98.9 96.8 86.2 100.0 86.8 99.5 945

F. Experimental Results and Analysis

1) Office-31 Dataset Results: ResNet-18/ResNet-50
Configuration: UniMEC achieves state-of-the-art target
domain accuracy of 90.8%, outperforming MEC-DA [1]
(+1.5%), SHOT [30] (+3.1%), DINE [58] (+2.6%), and
MobileDA [4] (+7.1%). For source domain preservation,
UniMEC maintains 94.7% accuracy, matching Source Only
baseline and preventing catastrophic forgetting [34] unlike
SHOT (86.8%) and DINE (87.6%).

ResNet-34/ResNet-101: Target Domain Performance:
UniMEC achieves the highest accuracy of 90.8%, surpassing
MEC-DA [1] by 0.6% and significantly outperforming DINE
[58], MobileDA [4], SHOT [30], and Source Only. It excels
on challenging transfers, achieving 78.4% on D—A and
78.5% on W—A, reaches 100% on W—D, and leads A—»W
with 93.5%, demonstrating consistent superiority across all
domain pairs.

Source Domain Performance: UniMEC maintains top-tier
source accuracy at 94.5%, matching the Source Only baseline
and outperforming MEC-DA [1] (93.9%), MobileDA [4]
(93.7%), DINE [58] (87.6%), and SHOT [30] (81.5%). It
prevents catastrophic forgetting [34], achieving 98.9% on
A—D and 96.8% on A—W, while excelling in D—>W
(100.0%) and W—D (99.5%).

2) Office-Home Dataset Results: ResNet-18/ResNet-50
Configuration: On the challenging Office-Home dataset [12],
UniMEC achieves 70.34% target accuracy with strong source
preservation (85.84%). The method excels in realistic
transfers like Rw—Pr (90.4%) and Pr—Rw (89.2%).

3) Architecture-Specific Analysis: Compact Model Impact:
Performance varies significantly with compact model choice
- ResNet-18 provides balanced performance while ResNet-34
offers optimal accuracy-efficiency trade-offs.

Teacher Model Benefits: ResNet-101 teachers consistently
improve performance over ResNet-50, particularly for
Office-Home (+9.76% improvement), validating the
importance of teacher model capacity in knowledge
distillation [33].

Cross-Dataset Consistency: UniMEC maintains superior
source domain preservation across all configurations (94.5-
95.1% on Office-31, 85.84-86.7% on Office-Home),
demonstrating robust catastrophic forgetting prevention
through ADMM-based [57] collaborative optimization.

VI. VI.CONCLUSION

In this paper, we presented UniMEC, a unified memory-
efficient framework for collaborative domain adaptation on
edge devices. Unlike previous sequential approaches,
UniMEC jointly optimizes domain adaptation and memory
efficiency through a novel architecture incorporating
learning-to-branch mechanisms and lite residual modules.
Our approach achieves state-of-the-art performance across
multiple domain adaptation benchmarks while significantly
reducing memory requirements during both training and
inference.

The key innovation of UniMEC lies in its unified treatment
of domain adaptation and memory efficiency, which are
typically addressed as separate optimization problems.

By introducing a learning-to-branch mechanism inspired
by multi-task learning approaches, our framework
dynamically discovers optimal network topologies that
balance performance and computational constraints. This
approach not only improves target domain accuracy but also
reduces the overall adaptation time, making it particularly
suitable for real-world edge deployment scenarios.

Our experimental results demonstrate that UniMEC
outperforms existing methods in terms of both accuracy and
memory efficiency across various domain adaptation tasks.

The discovered network topologies reveal interesting
patterns about the relationship between different domains and
the feature representations required for successful adaptation.
Furthermore, our ablation studies confirm the importance of
each component in the UniMEC framework, with the
learning-to-branch mechanism and lite residual modules
contributing significantly to the overall performance.

For future work, we plan to explore extending UniMEC to
multi-domain adaptation scenarios where a single model must
adapt to multiple target domains simultaneously.
Additionally, we aim to investigate the incorporation of
federated learning techniques to enable collaborative domain
adaptation across multiple edge devices while preserving data
privacy. These directions would further enhance the
applicability of UniMEC in real-world edge computing
environments.
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