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What are Covered in this Presentation

• Details of Atlas’s method
- Atlas : Izacard, Gautier, et al. "Few-shot learning with retrieval augmented 

language models." arXiv preprint arXiv:2208.03299 (2022).

• Some Details of predecessors
- Contriever : Izacard, Gautier, et al. "Towards unsupervised dense information 

retrieval with contrastive learning." arXiv preprint arXiv:2112.09118 (2021).
- FiD : Izacard, Gautier, and Edouard Grave. "Leveraging passage retrieval with 

generative models for open domain question answering." arXiv preprint 
arXiv:2007.01282 (2020).

- FiD-KD : Izacard, Gautier, and Edouard Grave. "Distilling knowledge from reader 
to retriever for question answering." arXiv preprint arXiv:2012.04584 (2020).

• Some Details of Related papers
- MoCo : He, Kaiming, et al. "Momentum contrast for unsupervised visual 

representation learning." Proceedings of the IEEE/CVF conference on computer 
vision and pattern recognition. 2020.
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What are NOT Covered in this Presentation

• Details of predecessors from authors
- Contriever : Izacard Gautier, et al. "Towards unsupervised dense information 

retrieval with contrastive learning." arXiv preprint arXiv:2112.09118 (2021).
- FiD : Izacard Gautier, and Edouard Grave. "Leveraging passage retrieval with 

generative models for open domain question answering." arXiv preprint 
arXiv:2007.01282 (2020).

- FiD-KD : Izacard Gautier, and Edouard Grave. "Distilling knowledge from reader 
to retriever for question answering." arXiv preprint arXiv:2012.04584 (2020).

- RAG : Lewis Patrick, et al. "Retrieval-augmented generation for knowledge-
intensive nlp tasks." Advances in Neural Information Processing Systems 33 
(2020): 9459-9474.

- KILT : Petroni, Fabio, et al. "KILT: a benchmark for knowledge intensive 
language tasks." arXiv preprint arXiv:2009.02252 (2020).
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1. Pre-Requisites
- What is ODQA? (Review)

- What is Semi-parametric method? 
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Pre-Requisites : What is ODQA?

• Pipeline approaches (3-stage retriever-reader-generator system)
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Pre-Requisites : What is ODQA?

• End-to-end approaches: Closed-book QA
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Pre-Requisites : What is Semi-parametric?

• Semi-parametric = parametric method + non-parametric method
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Fit with knowledge-intensive task
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Pre-Requisites : What is Semi-parametric?

• Parametric method
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Pre-Requisites : What is Semi-parametric?

• Semi-parametric method
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Pre-Requisites : What is Semi-parametric?

• Semi-parametric = parametric method + non-parametric method
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Fit with knowledge-intensive task

• Interpretable & controllable
- Control DB à Control !𝑦

• Easy to update DB
• Fixed LM
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- Problem States
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TL; DR

• ATLAS is retrieval-augmented LM capable of strong few-shot learning, 
despite having lower parameter #.

- 2-phrase semi-parametric architecture: 
Contriever (Izacard et al., 2022) + FiD (Izacard & Grave, 2020)

- Experiments on different training strategies for each module
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Background

• Limitation of LLM
- LLM have shown impressive few-shot results on a wide range of tasks.
- LLM also owe this implement to both a larger computational budget and the 

ability to memorize more information.
- LLM do not track the cause of their predictions because they do not have an 

explicit causal model or a transparent representation of their internal workings.

• IR system fit with knowledge-intensive tasks 
- Employing a retrieval-augmented architecture, memory can be outsourced and 

replaced by an external non-parametric knowledge source.
- This non-parametric knowledge source can enhance a parametric language 

model.
- In addition, such architectures are attractive due to a number of other 

established advantages in terms of adaptability, interpretability and efficiency
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Problem States

• How to design and train retrieval-augmented language models, with a 
focus on downstream few-shot learning and sample efficiency

- Exploration of fine-tuning strategies to efficiently adapt both the retriever and 
the language model to the task at hand
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3. Main Points: Method
- Architecture

- Training objectives for retriever

- Pretext task

- Fine-tuning
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Methods

• Text-to-text framework (T5)
: the system  gets a text query as input, and generates a text output
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Methods

• Text-to-text framework (T5)
: the system  gets a text query as input, and generates a text output
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• KILT: a Benchmark for Knowledge Intensive Language Tasks (2021, Meta AI)

- a set of benchmarks for evaluating language models that have been infused with 
external knowledge

- benchmark consists of a series of tasks that test the ability of models to use 
knowledge to perform various NLP tasks; ODQA, Dialogue, Fact checking

- to measure the performance of models in terms of accuracy, efficiency, and interpretability
- to compare different models and to evaluate their strengths and weaknesses in using 

knowledge to improve their performance
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Methods

• Text-to-text framework (T5)
: the system  gets a text query as input, and generates a text output
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Methods
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- retrieve the top-k relevant documents from a large corpus of text
- Feed these documents to the language model, along with the query 
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Methods: Architecture
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- Retriever retrieves the top-k relevant documents from a large corpus of text
- These documents are fed to the language model, along with the query 

• Contriever (Izacard et al., 2022): an information retrieval technique 
based on continuous dense embeddings

- A dual-encoder architecture: the query and documents are embedded 
independently by a transformer encoder

- Average pooling is applied over the outputs of the last layer to obtain one 
vector representation per query or document

- A similarity score btw the query and each document: the dot product between 
their corresponding embeddings

- Pre-training Loss: MoCo contrastive Loss (He et al. 2020)
- Pre-training Data: Unsupervised data only à train w/o document annotation
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- Retriever retrieves the top-k relevant documents from a large corpus of text
- These documents are fed to the language model, along with the query 

• Contriever (Izacard et al., 2022): an information retrieval technique 
based on continuous dense embeddings

- Positive pair: Independent Cropping based on ICT(Inverse Close Task)
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Methods: Architecture
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- Retriever retrieves the top-k relevant documents from a large corpus of text
- These documents are fed to the language model, along with the query 

• Contriever (Izacard et al., 2022): an information retrieval technique 
based on continuous dense embeddings

- Positive pair: Independent Cropping based on ICT(Inverse Close Task)
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- Retriever retrieves the top-k relevant documents from a large corpus of text
- These documents are fed to the language model, along with the query 

• Contriever (Izacard et al., 2022): an information retrieval technique 
based on continuous dense embeddings

- Positive pair: Independent Cropping based on ICT(Inverse Close Task)
- Negative pair: Negative pairs across batches methods
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- Retriever retrieves the top-k relevant documents from a large corpus of text
- These documents are fed to the language model, along with the query 

• Contriever (Izacard et al., 2022): an information retrieval technique 
based on continuous dense embeddings

- Positive pair: Independent Cropping based on ICT(Inverse Close Task)
- Negative pair: Negative pairs across batches methods
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Methods: Architecture

• 2 sub-models: the retriever + the language model
- Retriever retrieves the top-k relevant documents from a large corpus of text
- These documents are fed to the language model, along with the query 

• Contriever (Izacard et al., 2022): an information retrieval technique 
based on continuous dense embeddings

- Positive pair: Independent Cropping based on ICT(Inverse Close Task)
- Negative pair: Negative pairs across batches methods

• Fusion-in-Decoder (Izacard & Grave, 2020):
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Methods: Training Objectives for the Retriever

• If the language model finds a document useful when generating the 
output, the retriever objective should encourage the retriever to rank 
said document higher.
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Methods: Training Objectives for the Retriever

1. Attention Distillation (A Dist)

2. End-to-end training of Multi-Document Reader and Retriever 
(𝑬𝑴𝑫𝑹𝟐)

3. Perplexity Distillation (P Dist)

4. Leave-one-out Perplexity Distillation (LOOP)

34
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Methods: Training Objectives for the Retriever
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Methods: Training Objectives for the Retriever
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Methods: Pretext task

1. Prefix language modeling

2. Masked language modeling (T5)

3. Title to section generation
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Methods: Fine-tuning

• Efficient Retriever fine-tuning
- Offline indexing(ColBERT)

• Full index update

- N: # of documents

- B: batch size

- R: training step

- K: # of retrieved document

- 𝑃!"#! : # of params of retriever

- 𝑃$% : # of params of LM

• Query-side fine-tuning
- Update only Query encoder (Document encoder is frozen)

• Re-ranking
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4. Effects: Experiments
- Benchmarks

- Experiment setting

- Evaluation
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Effects: Benchmarks

• KILT
- a set of benchmarks for evaluating language models that have been infused 

with external knowledge

• MMLU: Massively-Multitask Language Understanding
- 57 multi-choice question answering datasets
- High school mathematics, professional law, logical fallacies, etc.
- Focused on few-shot setting 

• Original Question Answering datasets
- NQ, TriviaQA, FEVER
- TempLAMA
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Effects: Details of experiment setting

• Pre-training
- unsupervised contriever (pre-trained T5-lm-adapt)

• Fine-tuning
- Fixed every hyper-parameter
- 50-iterations (64-shot), 200-iterations (1024-shot)
- 32-batch, 4×10;< learning rate w/ linear decay, 5 warmup step

• Unlabeled datasets
- For retriever training
- Wikipedia dump(2021.12.20), Common Crawl dump(2020.10)
- Document Filtering is similar to Gopher’s method (350M passages)
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Effects: Evaluation Results

• RQ1) Does jointly pre-training the whole model lead to better few-shot
performance?

• RQ2) What is the best objective function for the retriever, and the best
pretext task?
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Effects: Evaluation Results

• RQ2) What is the best objective function for the retriever, and the best
pretext task?
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Effects: Evaluation Results

• RQ3) How to efficiently fine-tune Atlas on tasks with limited training
data?
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Effects: Evaluation Results

• MMLU Result
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Effects: Evaluation Results

• ODQA Result
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Effects: Evaluation Results

• KILT Result
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Contribution & Opinion

• Atlas is 2-phrase system: retriever + LM

• Retriever and Language Model is jointly pre-trained

• Various experiments for retrieval-augmented LM

• Suggest most effective method in terms of retriever training / pretext 
task / finetuning

• High performance in knowledge-intensive task with few-shot setting

• Details of predecessors from authors…
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