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Abstract 

Cross-domain generalization remains a critical challenge in modern Artificial Intelligence 
(AI), especially within multi-task learning (MTL) frameworks. This paper investigates how 
unified representation learning can improve generalization across heterogeneous domains. 
By analyzing previous research in representation learning, domain-invariant feature 
extraction, and task-shared knowledge transfer, we present a consolidated framework that 
fosters cross-domain robustness. Using empirical data from previous benchmarks, we 
demonstrate that learning shared representations across tasks not only improves 
performance on known tasks but also enables better adaptation to unseen domains. 
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1. Introduction 

The proliferation of data-intensive AI applications necessitates systems capable of 

generalizing across diverse domains and tasks. Traditional machine learning models often 

falter when faced with domain shifts—variations in data distributions across different tasks 

or environments. Multi-task learning (MTL) offers a promising pathway by enabling models 

to simultaneously learn multiple tasks, thus promoting shared knowledge acquisition. 

However, this shared learning often suffers when task-specific and domain-specific features 

collide, leading to overfitting or poor generalization. 
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Unified representation learning addresses this by encouraging models to abstract 

common representations across tasks while minimizing task-specific noise. This approach 

has shown potential in various applications including vision-language models, federated 

learning, and cross-modal reasoning. The objective of this paper is to explore how unified 

representation learning, when embedded within MTL architectures, enhances cross-domain 

generalization and provides scalable, transferable intelligence. 

 

 

 

2. Literature Review 

Unified representation learning and domain generalization have become critical focal 

points in the advancement of artificial intelligence systems, particularly within multi-task 

learning (MTL) frameworks. A foundational study by Zamir et al. (2018) introduced 

Taskonomy, a large-scale effort to map the relationships among various vision tasks. This 

work provided compelling evidence that learning shared representations among related 
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tasks significantly improves task transferability and generalization. Similarly, Bilen and 

Vedaldi (2017) contributed by developing universal representations for image classification, 

demonstrating that shared deep features could successfully generalize across diverse 

classification domains. 

Building upon these principles, Rebuffi et al. (2018) proposed modular neural network 

architectures that allow knowledge components to be reused across multiple tasks and 

domains. Their work confirmed that such modularity enhances generalization while 

maintaining computational efficiency. Zhou et al. (2020) expanded the theoretical foundation 

by incorporating adversarial training and semantic alignment into domain generalization. 

Their proposed architecture effectively learned invariant representations capable of 

adapting to new domains without explicit retraining. 

In a broader context, Ruder (2017) offered a thorough survey of multi-task learning, 

emphasizing the importance of shared inductive biases and regularization effects that 

naturally emerge from unified training objectives. Li et al. (2019) introduced feature-critic 

networks, which disentangle domain-invariant features from domain-specific ones, allowing 

improved robustness across heterogeneous domains. 

In the field of natural language processing (NLP), Collier et al. (2020) applied unified 

latent space learning to achieve zero-shot task transfer, demonstrating how language models 

can generalize across tasks without explicit task-specific training data. Complementing this, 

Seo et al. (2019) illustrated the effectiveness of attention-based representation transfer in 

question answering, supporting the notion that task-level representation sharing facilitates 

cross-domain performance improvements. 

 

3. Unified Representation Learning in MTL 

Unified representation learning aims to create abstract, domain-agnostic features that 

retain essential task semantics. This abstraction allows MTL systems to effectively share 

information across tasks with different input modalities or data distributions. 
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Table 1: Common Unified Representation Techniques 

Technique Description 
Common 

Application 

Shared Encoder Uses a single encoder for all tasks NLP, CV 

Adversarial Training 
Encourages domain confusion to enhance 

invariance 
Domain adaptation 

Task-Agnostic 

Features 
Feature masking and bottleneck layers Federated learning 

Meta-Learning 
Learns initial weights generalizable to new 

tasks 
Few-shot learning 

 

4. Cross-Domain Generalization Metrics 

Evaluating cross-domain performance requires metrics beyond task accuracy. 

Researchers often use domain-shift benchmarks such as PACS, VLCS, and DomainNet. 

 

Table 2: Sample Benchmark Results (adapted from Zhou et al., 2020) 

Method Avg. Accuracy on PACS Avg. Accuracy on VLCS 

DeepAll 75.2% 68.4% 

CIDDG (Zhou et al.) 79.0% 71.5% 

MetaReg 76.8% 69.9% 
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These results reflect the effectiveness of domain-invariant features in enabling cross-

domain generalization, particularly when paired with unified training objectives. 

 

5. Conclusion and Future Work 

Unified representation learning presents a powerful approach to overcoming domain 

discrepancies in AI systems. When integrated within multi-task learning frameworks, it 

fosters cross-domain robustness by leveraging task interdependencies and shared 

representations. Future work should explore scalable architectures that dynamically adjust 

shared and task-specific representations, as well as integrating knowledge distillation from 

large-scale pre-trained models. There is also potential in hybrid training regimes combining 

contrastive learning, supervised multi-task losses, and meta-regularization. 
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