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What are Text Embeddings?

Text embeddings are numerical vector representations that capture the semantic 
meaning of text

● Transform words, sentences, or documents into dense vectors (e.g., 768 or 
4096 dimensions)

● Semantically similar texts have similar vectors (close in vector space)
● Enable machines to "understand" and compare text mathematically

Background
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Google Search 

● Your query: "best Italian restaurants nearby"
● Behind the scenes: Query converted to embedding vector → Matched 

against millions of indexed document embeddings → Returns most relevant 
results

● Why it matters: Understands semantic intent, not just keyword matching
○ "Fix my bike" matches "bicycle repair guide" even without shared words

Netflix Recommendations

Customer Support Chatbots

Real World Applications
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Previous Methods

● Take weighted average of word embeddings
○ Misses contextual information of natural language

● Fine-tune BERT on natural language inference (NLI) datasets 
(Sentence-BERT, SimCSE)
○ BERT-style encoders have been surpassed by more modern LLMs and 

techniques
○ Limited context length
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Previous Methods

● Multi-stage approaches (E5, BGE, etc.)
○ Generally involve contrastive pre-training on unlabeled query/passage 

pairs and fine-tuning on labeled data
○ Rely on manually-collected datasets

Shitao Xiao, Zheng Liu, Peitian Zhang, and Niklas Muennighof. 2023. C-pack: Packaged resources to advance general chinese embedding. ArXiv preprint, abs/2309.07597
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Contrastive Pre-Training

● Task: Given a query and a set of documents, find the document that best 
matches/responds to the query
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“How do I reset my Gmail password?”
“To reset your Gmail password, go to 
Google Account recovery and follow the 
steps.”

“You can change your Gmail 
display name in account settings.”

 “Apple fruit nutrition facts”

“Apple released a new iPhone 
model.” “Newest Apple phone model”

Queries Documents

… …

(positive pair)

(negative pair)

(hard negative pair)



Solution Overview
The Two-Step Method

Step 1: Task Brainstorming 

● Use GPT-4 to generate diverse retrieval task definitions
● Covers wide range of scenarios (search, classification, recommendations, etc.)
● Creates ~150,000 unique task descriptions

Step 2: Example Generation 

● For each task, GPT-4 generates concrete training examples
● Each example contains: query + positive document + hard negative document
● Produces ~500,000 high-quality synthetic examples across 93 languages

Step 3: Model Training 

● Fine-tune a powerful LLM (Mistral-7B) on the synthetic data
● Simple, single-stage training (< 1,000 steps)
● Optional: Add real labeled datasets for additional boost
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Data Generation - Step 1
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Data Generation - Step 2
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Types of tasks

● Symmetric tasks: query and document have very similar semantic meanings 
but different surface forms

○ Monolingual semantic textual similarity (STS): evaluating semantic similarity of two texts
○ Bitext retrieval: finding semantically similar sentences in texts with different languages

● Asymmetric tasks: query and document are semantically related but not 
direct paraphrases of each other
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Long-short
Ex. label customer complaint severity

Long-long
Ex. given legal brief, find documents 

presenting similar arguments

Short-long
Ex. find articles to answer search engine 

query

Short-short
Ex. find movie title based on quote

Short 
query

Long 
query

Short document Long document



Synthetic Data

● ~500k examples with ~150k unique instructions
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Training

Base Model Selection : Mistral-7B (7 billion parameters, decoder-only LLM)

● Extensively pre-trained on trillions of tokens
● Already has strong semantic representations

Adding Instructions to Queries
q_inst = Instruct: {task_definition} And Query: {user_query}

Example : 

Instruct: Given a book name as query, retrieve reviews, ratings and summaries of 
that book

Query: 1984 book review
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Embedding Extraction

1. Append [EOS] token to text
2. Pass through Mistral-7B
3. Extract last-token hidden state from final layer
4. → Produces 4096-dimensional embedding vector

Why last token? In decoder models, it has "seen" all previous tokens

Goal: Pull positive pairs close, push negative pairs apart

Training Objective: InfoNCE Loss

Training Objective: InfoNCE Loss

Training
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Hyperparameter Influence
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Key Training Insights

1. Instructions are Critical
● With instructions: 64.5 MTEB
● Without instructions: 60.3 MTEB (-4.2 points!)
● Natural language instructions inform the model about task context

2.  LoRA Enables Efficient Training
● Train only 0.6% of model parameters
● Fast convergence, low memory
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Key Training Insights

3.    No Contrastive Pre-training Needed 

● Traditional methods (E5, BGE): Pre-train on billions of pairs (weeks)
● This approach: Direct fine-tuning (18 hours)
● Why? Mistral already has excellent representations from LLM pre-training
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Three Training Configurations:

● Synthetic Only: 500k examples
● Synthetic + MSMARCO: ~1M examples 
● Full Data (SOTA): ~1.8M examples

These configurations were evaluated on the MTEB against many other 
previous solutions.

Experiment
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Performance
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MTEB Leaderboard Performance
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 Long Context Experiment

● Previous embedding models (and datasets) are largely limited to shorter 
contexts

● To evaluate performance on longer contexts, the authors developed a novel 
personalized passkey retrieval task
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<prefix filler> and <suffix filler> are repeats of “The grass is green. The sky is blue. The sun is yellow. Here we go. There and back again.”



Long Context Performance
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Multilingual Retrieval Performance
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Limitations and future work

● Synthetic data is limited by the LLM used to generate it and may encode any 
biases the in LLM

● LLM-based text embedding methods are more computationally intensive than 
BERT-based methods

● Manual prompt engineering is needed to generate synthetic data

23



Conclusion

● Proves a New Paradigm
○ LLM-generated data can replace expensive human annotation

● Simplifies embedding process
○ No multi-stage pre-training needed—just generate data and fine-tune

Key Message :

This paper shows that in the era of LLMs, the bottleneck is no longer data 
collection, but creative prompt engineering.
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