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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 

 

I. INTRODUCTION 

Modern edge computing applications—spanning mobile 

devices, IoT systems, and embedded platforms—demand 

efficient on-device machine learning under strict resource and 

memory constraints [51]. A major challenge is domain 

mismatch: models trained on curated datasets often degrade 

in real-world deployment due to distribution shifts between 

source and target data [1]. 

Unsupervised domain adaptation (UDA) addresses this by 

adapting models to new environments without labeled target 

data. However, conventional UDA methods are resource 

intensive and ill-suited for edge devices. Existing solutions, 

such as MEC-DA [1], follow multi-stage pipelines that first 

adapt large-capacity models before compressing them into 

lightweight deployable versions. 

Such multi-stage frameworks suffer from several 

drawbacks: (1) high memory usage during initial adaptation, 

(2) long training times on constrained hardware, (3) 

suboptimal performance due to decoupled adaptation and 

compression, and (4) increased complexity from coordinating 

multiple phases. These challenges motivate integrated 

methods that jointly optimize adaptation and efficiency. 

This paper presents UniMEC, a unified, memory-efficient 

collaborative domain adaptation framework for edge 

deployment. Our approach features: 

1) An integrated architecture combining shared feature 

extraction, domain-specific adaptation, and efficient 

inference paths 

2) An adaptive branching strategy that learns optimal 

computational graph structures during training 

3) Lightweight residual adaptation modules enabling 

focused model refinement without full retraining Unlike prior 

multi-stage methods, UniMEC jointly optimizes competing 

objectives to produce efficient models with enhanced target 

domain performance under strict memory budgets. 

Our main contributions are: 

1) A unified optimization framework combining domain 

adaptation and memory efficiency. 

2) Extensive experiments demonstrating up to 5% 

accuracy improvement and 30–40% memory reduction on 

benchmarks compared to existing methods. 

II. RELATED WORK 

We review related efforts in domain adaptation, memory 

efficient learning for edge computing, and multi-task learning 

with dynamic architectures. 

A. Domain Adaptation 

Domain adaptation (DA) tackles the distribution shift 

between a labeled source domain and an unlabeled target 

domain. 

Classical unsupervised DA techniques include discrepancy 

based [46], adversarial-based, and reconstruction-based 

approaches. More recent work explores source-free DA, 

where the source data is inaccessible during adaptation. 

SHOT [47] uses self-supervised learning and information 

maximization, while SFDA [48] synthesizes target-style 

samples for adaptation. 

Federated domain adaptation [49] addresses privacy-

preserving scenarios where data remains decentralized, yet 

still demands significant on-device computation. 

B. Memory-Efficient Learning for Edge Computing 

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. 

III. METHODOLOGY 

A. Problem Formulation 

Let Ds ={(xi
s, yi

s)}ns
i=1 represent the labeled source domain, 

data and Dt={xj
t}nt

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 l with branching potential, we 

initialize a probability matrix M (l) that controls the 

connectivity between nodes: 

M(l)
ij = P(node i connects to nodej)         (1) 

During forward propagation, we use the Gumbel-Softmax 

trick [10] to sample discrete connections while maintaining 

differentiability: 

dj = one hot{arg maxi(log θi,j + ϵi)}          (2) 

      (3) 

where τ is a temperature parameter that controls the 

softness of the sampling, and ϵi 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: 

ai = gi(ai−1) + ri(ai−1)               (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: 

θFP16 ← θFP32 (forward pass)            (5) 

Gradients are computed using the FP16 parameters but the 

updates are applied in FP32 precision to maintain numerical 

stability: 

θFP32 ← θFP32 − η · ∇θ L(θFP16) FP32 (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: 

∇θ f (x) = ∇θ h2(h1(x; θ); θ) ≈ ∇h1 h2(h1; θ) · ∇θ h1(x; θ)  (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 = αLsource + βLtarget + γLtransfer + δLcompact       (8) 
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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 nsXi=1Kk=1yis, klog(pk(xis))        (9) 

where K is the number of classes, and pk(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]: 

 

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) = α(t)Lsource + β(t)Ltarget + γ(t)Ltransfer + δ(t)Lcompact  (13) 

where t represents the training progress, and the weights 

evolve as follows: 

• Stage 1: Pre-train the large source model on source data only 

α(t) ≈ 1, β(t) ≈ 0, γ(t) ≈ 0, δ(t) ≈ 0 

• Stage 2: Gradually introduce target data with increasing 

weight 

α(t) > β(t) > 0, γ(t) ≈ 0, δ(t) ≈ 0 

• Stage 3: Enable knowledge transfer between models 

α(t) ≈ β(t), γ(t) > 0, δ(t) ≈ 0 

• Stage 4: Fine-tune domain adapter and compressor 

simultaneously 

β(t) > α(t), γ(t) > 0, δ(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. 
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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→A, 

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. 

 

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 (Cl), 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 × 10−3 is adopted as the optimizer. The 

learning rate is set to η0 = 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., η = η0(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 α is selected 

from {0.5, 0.6, 0.7, 0.8} and the penalty hyperparameter ρ 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. 
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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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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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