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ABSTRACT: Contrastive learning is a self-supervised methodology that enables models to learn robust
representations by bringing similar samples together in embedding space while pushing dissimilar ones apart. The
origins of contrastive learning in NLP trace back to 2013, where Mikolov et al. introduced it via word embeddings
using co-occurrence and negative sampling, significantly improving representation quality in a computationally
efficient manner.Encyclopedia Pub

Notably, Logeswaran and Lee (2018) extended contrastive ideas to sentence-level representation by casting context
prediction as classification: distinguishing the true context sentence from contrastive alternatives. This enabled learning
high-quality sentence embeddings from unlabeled text and led to superior performance on downstream tasks with
remarkable training speed.arXiv

Additionally, Bose et al. (2018) proposed Adversarial Contrastive Estimation, which enhances contrastive learning by
incorporating an adversarially trained negative sampler, resulting in harder negative examples. This accelerated
convergence and improved embedding representations for word embeddings, order embeddings, and knowledge graph
embeddings.arXiv

These foundational works highlight methodologies applicable to document understanding: contrastively learning
representations through context vs. non-context sentences, using adversarial negatives to strengthen embedding quality,
and scaling from words to sentences—forming a basis for document-level applications.
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I. INTRODUCTION

In document understanding, deriving meaningful representations without labels is critical for tasks like classification,
retrieval, or summarization. Contrastive learning, a self-supervised paradigm, learns by pulling together
representations of similar units and pushing apart dissimilar ones.

The NLP roots can be traced to 2013 with Mikolov et al., who used co-occurrence-based contrastive frameworks and
negative sampling to efficiently learn word embeddings. This approach significantly improved representation quality
while remaining computationally efficient.Encyclopedia Pub

As the scope expanded, sentence-level contrastive methods emerged. Logeswaran & Lee (2018) framed the context
prediction problem as a contrastive classification task: given a sentence, the model picks the true context among
contrastive sentences. This approach enabled learning rich sentence embeddings without supervision, achieving
superior performance and drastically reduced training time.arXiv

Meanwhile, the fundamental choice of negative samples in contrastive learning was addressed by Bose et al. (2018).
Their Adversarial Contrastive Estimation framework used an adversarially learned sampler to generate hard negatives,
improving representation learning across word embeddings, order embeddings, and knowledge graph
embeddings.arXiv

Leveraging these developments, document-level understanding can build on sentence representations—contrastively
learning representations at the paragraph or document level, possibly using adversarial negatives for richer embeddings.
The evolution from word to sentence—and potentially to document—is evident in this trajectory.
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Il. LITERATURE REVIEW

1. Mikolov et al. (2013) — Introduced contrastive learning in NLP via co-occurrence-based models like Skip-gram with
negative sampling. Words are trained to distinguish actual context words from negatives, leading to effective word
embeddings.Encyclopedia Pub

2. Arora et al. — Proposed a theoretical framework for contrastive learning, formalizing semantic similarity in terms of
latent classes using unlabeled data, achieving performance comparable to supervised methods on datasets like Wiki-
3029.Encyclopedia Pub

3. Logeswaran & Lee (2018) — Devised a contrastive sentence representation framework by formulating context
prediction as classification, where a model discriminates the true context sentence from contrastive alternatives.
Resulting representations outperformed existing methods and were learned with significantly greater efficiency.arXiv

4. Bose et al. (2018) — Introduced Adversarial Contrastive Estimation to improve the quality of contrastive learning by
generating hard negatives via an adversarial sampler. Evaluations on word embeddings, order embeddings, and
knowledge graph embeddings showed faster convergence and improved performance.arXiv

These works collectively chart the evolution of contrastive learning—from foundational negative sampling at the word
level, to theoretical grounding of semantic latent spaces, to efficient sentence-level strategies, and finally, to adaptive
negative sampling techniques—all laying the groundwork for document-level contrastive approaches.

I1l. RESEARCH METHODOLOGY

Our research builds on pre-2018 contrastive methods to explore document-level representation learning as follows:
1. Embedding Construction:

o Leverage word-level embeddings trained with negative sampling (Mikolov et al., 2013).

o Utilize context-aware sentence representations via the Logeswaran & Lee (2018) framework, where a document is
broken into sentences and context-based positive and negative pairs are formed.

2. Contrastive Objective:

o Train the model to distinguish between contextually related and unrelated sentence pairs within a document.

o Integrate Adversarial Contrastive Estimation (Bose et al., 2018) to generate harder negative samples that push the
model to learn more discriminative representations.

3. Document Aggregation:

o Combine sentence embeddings—via averaging, hierarchical encoding, or pooling—to form document-level
embeddings.

4. Training Strategy:

o Use unlabeled corpora, segment documents into sentences, and construct positive (neighboring sentences) and
negative (random or adversarial) pairs.

o Optimize via contrastive loss augmented with adversarial negatives for robust learning.

5. Evaluation:

o Test on standard document-level tasks such as classification (e.g., topic labeling), clustering, and retrieval.

o Compare against non-contrastive baselines and contrastive sentence-only representations, assessing both accuracy
and efficiency.

IV. ADVANTAGES

Label-Free Learning: Does not require labeled data, making it scalable and cost-effective.

Semantic Sensitivity: Captures semantic similarities by comparing contextually similar document segments.
Efficiency: Sentence-level contrastive learning offers fast convergence.arXiv

Adaptive Negatives: Adversarial sampling generates challenging negatives, improving representation quality and
convergence speed.arXiv
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V. DISADVANTAGES

Complex Negative Mining: Requires careful design of negative samples; adversarial sampling adds complexity.
Granularity Limitations: Sentence-based positives may not capture broader document-level semantics fully.
Scalability: Handling long documents or full document graphs may pose computational challenges.

Potential Collapse: Risk of embedding collapse if negative sampling or contrastive setup is weak.

VI. RESULTS AND DISCUSSION

Although direct document-level contrastive results pre-2018 are scarce, sentence-level and embedding-level outcomes
are illustrative:

e Logeswaran & Lee (2018): Achieved significant gains in NLP downstream tasks, including superior representation
quality and much faster training compared to prior methods.arXiv

e Bose et al. (2018): Demonstrated that Adversarial Contrastive Estimation leads to faster convergence and better-
quality embeddings across multiple representation types.arXiv

These results suggest that document-level contrastive learning—built upon these foundations—would benefit from both
high-quality semantic embeddings and efficient training, especially when paired with robust negative sampling.

VII. CONCLUSION

Pre-2018 contrastive learning in NLP laid the groundwork for document understanding via self-supervised techniques.
Starting with negative sampling for words, advancing to efficient sentence representations via contrastive classification,
and culminating in adversarial negative sampling, these methods provide a strong basis for document-level
applications. Future implementations can leverage these techniques to learn rich document embeddings without
supervision, enabling robust understanding and performance.

VIIl. FUTURE WORK

o Document-level Contrastive Framework: Extend contrastive learning to paragraphs or entire documents using
structured positives and adversarial negatives.

¢ Hierarchical Encoding: Explore hierarchical models combining sentence and document embeddings.

¢ Scalable Architectures: Design efficient architectures for long document modeling.

e Theoretical Analysis: Investigate theoretical foundations of contrastive document learning, extending latent class
and adversarial frameworks.
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