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Traditional Training for Representation Model—Contrastive Learning

Representation Model: BERT, RoBERTa, DeBERTa



Current Training for Representation Model—Contrastive Learning



Issues and Chanllenges

1. LLM merely as a parameterized encoder function
Forces generative models to produce static embedding vectors through 
simple pooling mechanisms.

2. Suppressing their capacity for structured reasoning and natural 
language generation.

3. Lose the interpretability that makes LLMs valuable—the ability to 
understand and showing their reasoning process.



Motivation: Rethinking the contrastive signals in representation learning

1. We view them as reward signals that guide a generative policy.
2. LLM acts as a policy πθ that generates interpretable understandings of input texts.

a. provide human-readable explanations of the model’s semantic reasoning.
b. encoded into high-quality representations of the inputs.



Method

Our Base Reward:



Method

Consistency Reward:

Policy Model
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Encourage similar representations among concurrent rollouts to ensure semantic coherence 
across multiple interpretations of the same input.
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Method

Hard-Negative Reward:

Illustration from Contrastive learning with hard negative samples (ICLR 2021)



Unsupervised-Method

Inspired by SimCSE: Simple Contrastive Learning of Sentence Embeddings (EMNLP 2021)
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Experiment Massive Text Embedding Benchmark (MTEB)



Experiment Massive Text Embedding Benchmark (MTEB)



Reward Function Ablation Study

1. Removing all reward constraints (λ1 = 0, λ2 = 0) yields poor performance for supervised and 
unsupervised training.

2. The model exhibits significantly higher sensitivity to the hard negative mining weight (λ2) 
compared to the consistency weight (λ1), suggesting that hard negative discrimination plays 
a more critical role in determining overall performance.



Reward Algorithm Ablation Study

1. Our method consistently improves performance across all four algorithms, demonstrating 
both its portability and generalizability.

2. GRPO is most effective in our setting, other algorithms focuses on issues that are less 
critical in our tasks.



Generalization to General Domain Tasks

1. The CL fine-tuning baseline suffers severe performance drop, indicating that naive 
contrastive objectives can substantially erode general-domain capability.

2. Ours keep reasoning generation so the policy continues to practice skills needed for general 
tasks.



Case Study



Case Study



Ablation Study for Training Progression



Ablation Study for various representation approaches.



Takeways

1. We present the first empirical evidence that rewards derived from contrastive learning can be leveraged to train 
policy models, resulting in improved representational capabilities.

2. We propose a novel methodology that enables the transformation of existing LLMs into powerful representation 
models while preserving their general capabilities without performance degradation.

3. This work represents a substantial advancement in text representation interpretability.

4. Our method yields overall score by 11.5% over base models, and the unsupervised adds 6.9% on the MTEB 
benchmark.

5. We make all models, datasets, and code publicly available to facilitate reproducibility and advance future 
research in this domain.



1. Retrieval -> Generate (Traditional RAG)

2. Retrieval -> thinking -> (retrieval) -> thinking ->generate (Agentic RAG)

3. Retrieval (thinking) 



Thanks!


