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Background

• Sentence Representation

• Task Defination

– Given a sentence as input, the task of sentence representation is to get the 
vectorized representation of the sentence. 

• Synthetic Data Generation

– Commercial Large language models (LLMs) like ChatGPT and GPT4 can 
automatically generate high-quality contrastive data. 

– Data from the small-parameter LLMs is poor: 1) the generated data may contain 
errors. Requesting a positive sample might result in a negative one, and vice 
versa. 2) The generated data might not be sufficiently hard, leading to minimal 
improvements in the performance of existing sentence representation models.

Input: “Miku is singing.”
Sentence

Encoder
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Motivation of Our Work

• Limitations of Existing Work

• Large language models (LLMs) like ChatGPT and GPT4 can 
automatically generate high-quality contrastive data. A more cost-
effective strategy is to utilize small-parameter LLMs to generate 
synthetic data and enhance sentence representation models. However, 
this alternative strategy also encounters challenges: 

– 1) Obtaining high-quality generated data from small-parameter LLMs is difficult. 

– 2) Inefficient utilization of the generated data. Existing methods typically 
generate a large amount of homogeneous data at once to ensure adequate model 
training.



Motivation of Our Work

• Our Opinion

• Specifically, to address the first challenge, we introduce a reinforcement 
learning approach for fine-tuning small-parameter LLMs, enabling the 
generation of high-quality contrastive data without human feedback. 

• To address the second challenge, we propose an adaptive iterative framework 
to guide small-parameter LLMs to generate progressively harder samples 
through multiple iterations, thereby maximizing the utility of generated 
sentence data.
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Our Framework

• Problem Formulation

• Given the supervised training corpus 𝑋, unsupervised corpus D and the existing 
supervised sentence encoder 𝑓𝜃 , where 𝑋 consists of a set of labeled contrastive 
data {𝑥𝑖 , 𝑥𝑖

+, 𝑥𝑖
−}, D consists of a set of unlabeled sentences and the supervised 

sentence encoder 𝑓𝜃 is initially trained with 𝑋.

• Our objective is to generate synthetic contrastive sentence sample data ෨𝑋 from 
unsupervised corpus D to improve the performance of existing supervised 
sentence encoder 𝑓𝜃 . 



Our Framework

• Overall Architecture of Our framework

Our adaptive reinforcement tuning (ART) framework consisting of an initialization 
backbone model training step followed by two adaptive iterative steps, namely the 
LLM fine-tuning step and the sentence encoder training step. 



Our Framework

• Backbone Model Training Step

• The backbone model training step utilizes the NLI dataset to train an initial 
supervised sentence encoder and an NLI discriminator.

Backbone model training



Our Framework

• LLM Fine-tuning Step

• The LLM fine-tuning step aims to improve the ability of the small-parameter 
LLM to generate hard synthetic data from unlabeled sentences D. Due to the 
lack of supervised data, we use reinforcement learning to fine-tune the small-
parameter LLM.

LLM Fine-tuning



Our Framework

• LLM Fine-tuning Step

• Reinforcement Learning Optimization

• We employ the proximal policy optimization (PPO) algorithm to optimize the LLM on 
our environment to generate harder samples. The environment is a bandit environment 
that presents a positive/negative prompt and an anchor sample x from the unlabeled 
training corpora D and expects a positive/negative sample y to the corresponding prompts.

Prompts used to generate hard positive and 
negative samples, respectively. [X] refers to the 
input (anchor) sentence.

PPO Algorithm we used 



Our Framework

• LLM Fine-tuning Step

• Dual Reward Model

– We introduce a novel dual-reward model to assess the quality of samples generated by 
the LLM, which consists of an NLI discriminator and a difficulty evaluator based on the 
sentence encoder. The former is used to determine the correctness of the generated data, 
while the latter assesses the difficulty of the generated data.

Score EquationReward Model



Our Framework

• Sentence Encoder Training Step

• The sentence encoder training step uses the synthetic data generated by the 
fine-tuned small-parameter LLM to further train the sentence encoder, which 
consists of a data synthesis process and an encoder training process.

Sentence Encoder Training SimCSE loss
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Experiments

• Data

• The training data is sourced from two categories: 1) Supervised NLI dataset, 
which is a combination of SNLI and MNLI datasets. 2) Synthetic data, 
generated by our large language model through multi-round generation based 
on sentences from English Wikipedia. 

• At each round of training, we generated 20k triplets with vLLM. 

• The testing data consists of seven standard STS datasets.



Experiments

• Training Details

• We conduct all the experiments on 2 Nvidia RTX A6000 GPUs with PyTorch
2.0.0 in Nvidia-docker image

• In the LLM fine-tuning step, we employ WizardLM 7B as the small-parameter 
LLM, and use LoRA for efficient finetune, with parameters r = 16 and 𝛼= 32.



Experiments

• Result

• Performance Comparison

– Our method achieves strong overall results with far fewer data, yet achieves results 
comparable to or even surpassing those obtained by directly using large-parameter LLMs.



Experiments

• Result

• Effectiveness of Adaptive Iterative Framework

– We compare our method to several state-of-the-art approaches based on two existing 
supervised sentence representation methods

– Our results show an adaptive enhancement in the model's performance with each 
successive round. As expected, a stronger baseline gains fewer performance upraise.



Experiments

• Result

• Ablation Study 1: Accuracy of Synthetic Data

– The accuracy of the synthetic positive and negative samples improves over multiple 
rounds of adaptive training.



Experiments

• Result

• Ablation Study 2: Difficulty of Synthetic Data

– Our proposed model produces harder samples which better enhances the capability of 
semantic similarity modeling.



Experiments

• Result

• Case Study

– Our method uses more hard positive samples and hard negative samples for training, so 
we can better identify hard positive samples and hard negative samples in practice.

– Several trends emerge, on lexically and syntactically.
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Conclusions

• Conclusions

• In this paper, we proposed a cost-effective strategy to utilize small-parameter 
LLMs to generate synthetic data and enhance sentence representation models.

• Specifically, we propose a novel adaptive reinforcement tuning (ART) 
framework to optimize small-parameter LLMs in a reinforcement learning 
manner to adaptively generate hard contrastive samples with multiple 
iterations. These samples are then used to enhance the performance of existing 
sentence representation models.

• Experiments conducted on seven semantic text similarity tasks demonstrate 
that the sentence representation models trained using the synthetic data 
generated by our proposed method achieve state-of-the-art performance. We 
also conducted ablation studies to showcase the critical roles played by the 
reinforcement learning approach and the adaptive iterative framework within 
our proposed framework.
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