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Continuing from embeddings 
discussion.....

1. Why we need embeddings?
Retrieval, classification, clustering, etc..
2. Benchmarks: MTEB, MMTEB, AIR
3.  Techniques: Traditional, Bidirectional, 
Decoder-only

Examples: word2vec, bag-of-words



Bidirectional Embedding Models

• Attend to tokens on both sides
 Input: I love <mask> Tech ; Output: Georgia
Input: I love Georgia Tech. <sep> It is the best school ; Output: 
Entailed

• Mean Pooling across all layers to get single embedding.
Examples: BERT, T5



Decoder Embedding Models

1. Problems:
     A)Limited learning capability.      
     B)Curse of dimensionality

Ideas:
1. The embeddings from last token <eos> from last layer.
2. Contrastive Training, e.g E5-Mistral
3. Instruction Tuning, e.g. SFR-Embedding-Mistral
4. Knowledge Distillation, eg. Gecko



Concept 1: Bidirectional Attention

Modify the attention block to look in both directions.

attn_out = attention(q, k, v, attn_mask=padding_mask, 
causal=False) 



Concept 2: Latent Attention Layer
Decoder Last layer 

Query: Q = ℓ×d  
Latent Key: K = r×d
Latent Value: V = r×d

QK^T : (ℓ×d) · (d×r) = ℓ×r 

A = softmax(QK^T / √d) : ℓ×r 

O = AV : (ℓ×r) · (r×d) = ℓ×d 



Concept 3: Two-Stage Instruction 
Training
Instruction Tuning for Retrieval tasks:
In a batch of size B, each query’s positive is paired with B−1 other passages in the batch as 
negatives.
What will happen if we use the same trick for classification?
X1: A, 
x2: B, 
x3: A, 
x4: B      
What will be the hard negatives for x1 ?

Split into two-phases:
1. Retrieval only Tasks (with in-Batch Training)
2. Retrieval and Non-Retrieval tasks (without in-Batch Training)

[B,A]



Concept 3: Two-Stage Instruction Tuning

• How the training works in Stage 2 ? (without in-batch)

Task Query Positive Class Negative Class
Retrieval q Ground truth d+ Hard negative mined 

documents
Classification q Examples from the same class d+ Examples from other 

classes d-
Similarity q High similarity score d+ Hard negative mined d-



Concept 4: Hard negative Mining 
Technique

Use a teacher model to get relevance scores of other 
documents (E5-mistral-7b-instruct)

Determine a threshold based on the set percent margin
max_negative_score_threshold = pos_score * percentage_margin



Training Dataset
Retrieval: MSMARCO, HotpotQA, Natural 
Question, PAQ, Stack Exchange, SQuAD, 
ArguAna, BioASQ, FiQA, FEVER, HoVer, 
SciFact, NFCorpus, MIRACL, and Mr.TyDi.
------------------------------------------------------------
Classification: Amazon (Reviews, Polarity, 
Counterfactual), IMDB, Banking77, Emotion, 
MTOP, Massive, ToxicConversations, and 
TweetSentimentExtraction.
------------------------------------------------------------
Clustering: Arxiv, Biorxiv, Medrxiv, 
TwentyNewsgroups, Reddit, and 
StackExchange.
------------------------------------------------------------
Semantic Textual Similarity (STS): STS12, 
STS22, and STS-Benchmark
------------------------------------------------------------
Synthetic Dataset: Mixtral-Instruct Note: MTEB test examples were removed from training 



Summary of Design
• Changes in Model architecture
    A) Latent Attention Layer
    B) Bidirectional Attention
• Changes in training phase
    A) Two stage Training
-------------------------------NV-Embed-v1-----------------------------------------
-

-------------------------------NV-Embed-v2-----------------------------------------
-

    B) Positive aware Hard negative using an expert model 
• Curation of training dataset 
 Adding Retrieval datasets, Example based multi class labels 
• New Synthetic Training Datasets
 60000 synthetic tasks using Mistral-instruct model



MMTB Leader Board

 
• NV Embed achieves 72.31 average score
• Achieved highest accuracy for Retrieval, Clustering and Classification 

tasks



A1: 2-stage Training Process

• Worse performance with single stage (in batch enabled)
• Best performance with two stage training.
• Reversed Two stage: Just change the order



A2: Causal vs Bidirectional Attention

With almost all pooling methods and across all tasks, bidirectional attention mechanism 
gives higher performance than causal attention.



A3: Pooling Methods

Latent Attention performs better than:
1. <EOS> token embedding   : Recency bias
2. Mean of all layers 
3. Self-attention (one more layer after the latent-attention)



A4: Classification Representation

• Label-based Approach: Hard negatives are class labels
• Example-based approach: Hard negatives are examples from other classes
• Example based approach performs better



A5: Hard negative Mining/Synthetic 
Datasets

• Hard negative mining helps.
• AD = Additional Public datasets, SD= synthetic datasets
• Using both kind of datasets improve performance



Conclusion

• NV-Embed: A decoder-only model better than bidirectional 
models for embedding tasks.

• Latent Attention Layer helps in more expressive pooling.
• Two-stage training process helps to handle variety of tasks.
• Good out-of-domain performance on other benchmarks.


