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Hallucinations in LM outputs (DeepSeek R1)
Explain David Smith, a computer scientist at Northeastern University, including a list of his famous papers.

Thinking...

Okay, the user wants me to explain David Smith, a computer scientist at Northeastern University, including a list of his famous papers. Let me start by recalling who 

David Smith is. He's known for his work in programming languages and compilers. But wait, there are several David Smiths in academia, so I need to make sure I'm 

referring to the right one. Northeastern University's David Smith—let me check his main areas.


Hmm, his research focuses on programming languages, particularly the Rust compiler. That's a big project, so he must be a key contributor. The user might be 

interested in his technical contributions. But they also asked for a list of famous papers. I should verify which papers are most cited or influential. The Rust 

project papers from 2019-2020 come to mind. Those are probably the most well-known. 


Wait, the user might not just want a list. They might be looking for someone to recommend for a project related to Rust or compilers. Or maybe they're a student 

considering working with him. Including his role as a principal investigator on the Rust compiler could be important. Also, his position as an Associate 

Professor—maybe the user is interested in academic collaborations or job opportunities.


I should structure the explanation to highlight his main contributions first, then the papers. But how detailed should the papers be? The user might not need every 

paper, just the most significant ones. Let me list the Rust papers and maybe mention others like the ownership system. But wait, are those papers standalone or part 

of the Rust project? The ownership system is a key part of Rust, so including that would add value.


Also, considering the user's possible deeper needs: they might be researching for a paper, looking for references, or seeking an expert in the field. Including his 

affiliation with Northeastern and his role in Rust could help others find his contact or his lab. Maybe they want to know his impact in the industry too, since Rust 

is widely used.


I need to make sure the information is accurate. Let me cross-check the publication years and authors. The Rust papers from 2019-2020 were indeed major releases. The 

ownership system paper is from 2021. Other papers like the borrow checker might be part of the same body of work. Should I mention his other roles, like being on the 

Rust team? Yes, that adds credibility.


Wait, the user might not know that David Smith is part of the Rust team. Including that could be useful. Also, explaining the significance of each paper briefly 

would help. For example, the 2019 paper introduced key features, the 2020 one was about incremental compilation, which is crucial for large projects. The ownership 

system paper details the language's memory safety, a big deal in systems programming.


I should also note that his work is part of a larger team. The user might be interested in the collaborative aspect, especially if they're looking for group projects 




The hallucination continues
Okay, let's break down David Smith, a prominent computer scientist at Northeastern University.


## Who is David Smith (Northeastern University)?


*   **Position:** He is an Associate Professor of the Practice in the Department of Computer Science.

*   **Research Area:** His primary research focus is on Programming Languages and Compilers.

*   **Significance:** He is one of the **Principal Investigators (PIs)** on the **Rust programming language project** at Northeastern University. This is one of the 

most influential projects in modern systems programming.

*   **Key Contributions:** His work is deeply involved in the design, implementation, and evolution of the Rust compiler and language. He contributes significantly 

to the core infrastructure, language features, and tooling of Rust.


## Why is David Smith Important?


His importance stems directly from his leadership and technical contributions to the **Rust programming language**. Rust has gained immense popularity for its unique 

combination of performance, safety (guaranteeing memory safety without a garbage collector), and parallelism, making it a cornerstone for building reliable and 

efficient systems software. Working as a PI on such a high-profile and impactful open-source project places him at the forefront of a major trend in computer 

science.


---


## List of His Notable Papers (Primarily Co-authored, Focusing on Rust)


While David Smith is part of a large team contributing to Rust, several key publications stand out, often representing major releases or significant architectural 

changes to the language/compiler:


1.  **Smith, David; et al.** (Rust Team). "Rust Programming Language." *Proceedings of the ACM Programming Languages*, 2019. (Often cited for the 1.0 release or 

major features introduced around that time, e.g., const generics preview, improved Cargo).

    *   *Significance:* Represents the foundational work and key features solidifying Rust's capabilities.

2.  **Smith, David; et al.** (Rust Team). "Rust 2021: An Update on the Revision of the Rust Programming Language." *Proceedings of the ACM Programming Languages*, 

2020. (Often refers to the 2021 language release cycle).

    *   *Significance:* Details the major language revisions and improvements made around the 2 (or 1.x) minor version releases leading up to 1.50+.
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Q: Why should we use retrieval-augmented 
language models? 



A: Because retrieval-augmented LMs can solve 
many core limitations of parametric LMs! 



Problems with Parametric LMs

• Accuracy issues: 

• Knowledge cutoffs: parameters are usually only updated to a particular time


• Private data: data stored in private text or data repositories not suitable for 
training


• Learning failures: even for data that the model was trained on, it might not 
be sufficient to get the right answer


• Verifiability issues: It is hard to tell if the answer is correct


• Information asymmetry between user and opaque parameters in an LM
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Inference: Index

: a similarity score between two pieces of textsim

Goal: find a small subset of elements in a datastore 
that are the most similar to the query

sim(i, j) = tfi,j × log
N
dfi# of occurrences of  in i j

# of docs containing i

# of total docs
Example

sim(i, j) = Encoder(i) ⋅ Encoder( j)
Maps the text into an -dimensional vectorh

Example

An entire field of 
study on how to get 

(or learn) the 
similarity function 

better
(We’ll see some later!)
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Index: given , return  through fast nearest neighbor searchq argTop-kd∈𝒟sim(q, d)

Inference: Index

: a similarity score between two pieces of textsim

Goal: find a small subset of elements in a datastore 
that are the most similar to the query

 elements from a datastorek

Can be a totally separate research area on 
how to do this fast & accurately

https://github.com/
facebookresearch/faiss/wiki/


https://github.com/facebookresearch/faiss/wiki/
https://github.com/facebookresearch/faiss/wiki/


Categorization of retrieval-augmented LMs



What to retrieve?

Query

Categorization of retrieval-augmented LMs



Text chunks (passages)?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



Text chunks (passages)?
Tokens?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



Text chunks (passages)?
Tokens?

Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output
Text chunks (passages)?

Tokens?
Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output
Text chunks (passages)?

Tokens?
Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output
Text chunks (passages)?

Tokens?
Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output
Text chunks (passages)?

Tokens?
Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output

When to retrieve?

Text chunks (passages)?
Tokens?

Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output

When to retrieve?

w/ retrieval

 The capital  city  of  Ontario  is  Toronto.

Text chunks (passages)?
Tokens?

Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output

When to retrieve?

w/ retrieval

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval  w/ r  w/r  w/r  w/ r  w/r  w/r

 The capital  city  of  Ontario  is  Toronto.
Text chunks (passages)?

Tokens?
Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



LM

How to use retrieval?

Input

Output

When to retrieve?

w/ retrieval

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval  w/ r  w/r  w/r  w/ r  w/r  w/r

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval                     w/r               w/r

 The capital  city  of  Ontario  is  Toronto.

Text chunks (passages)?
Tokens?

Something else?

What to retrieve?

Query

Categorization of retrieval-augmented LMs



Categorization of retrieval-augmented LMs

LM

How to use retrieval?

Input

Output

When to retrieve?

w/ retrieval

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval  w/ r  w/r  w/r  w/ r  w/r  w/r

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval                     w/r               w/r

 The capital  city  of  Ontario  is  Toronto.

Text chunks (passages)?
Tokens?

Something else?

What to retrieve?

Query



Categorization of retrieval-augmented LMs

LM

How to use retrieval?

Input

Output

When to retrieve?

w/ retrieval

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval  w/ r  w/r  w/r  w/ r  w/r  w/r

 The capital  city  of  Ontario  is  Toronto.

w/ retrieval                     w/r               w/r

 The capital  city  of  Ontario  is  Toronto.

Text chunks (passages)?
Tokens?

Something else?

What to retrieve?

Query
Today we focus on 
1. What to retrieve
2. How to use retrieval 
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Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
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against Iran …
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FIFA World Cup 2026 
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Encoder

Wikipedia 
13M chunks (passages) 

(called documents in the paper)

Fast nearest neighbor search

x = Encoder(x)

z1, . . . , zk = argTop-k (x ⋅ z)
k retrieved chunks
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∑
z∈𝒟

P(z |x)P(y |x, z)

[MASK]  [SEP] z1 x LM P(y |x, z1)

[MASK]  [SEP] zk x LM P(y |x, zk)

[MASK]  [SEP] z2 x LM P(y |x, z2)

…

Weighted average

from the 
retrieve stage

from the 
read stage

Need to approximate 
 Consider top k chunks only→

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
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Recent trend: RAG with LLMs

Index

LM

Shi et al. REPLUG: Retrieval-Augmented Black-Box Language Models. Arxiv 2023. 
Ram et al. In-Context Retrieval-Augmented Language Models. TACL 2023. 

Existing parametric LMs 

(e.g., GPT-3)

Off-the-shelf retrievers (e.g., 
Google search, BM25, DPR)

Simply combining existing models w/o 
training has shown to be successful! 
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Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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Regular decoder

EMB

x1

x2

x3

ATTN FFN
HEAD

Transformers blocks (xL)

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.



EMB

Decoder in RETRO

EMB

x1

x2

x3

ATTN CCA FFN
HEAD

Chunked Cross Attention (CCA)

RETRO blocks (xL)

E1 E2 E3

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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Chunked Cross Attention

Outputs from the previous layer Inputs to the next layer

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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Results

Gains are constant with model scale The larger datastore is, the better

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.

x=Baseline


o=RETRO
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kNN-LM (Khandelwal et al. 2020)
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Which tokens in a datastore are close to the next token?

Which prefixes in a datastore are close to the prefix we have?

=

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020. 

The size of the datastore = # of tokens in the corpus (>1B)



kNN-LM (Khandelwal et al. 2020)
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kNN-LM (Khandelwal et al. 2020)

PkNN−LM(y |x) = (1 − λ)PLM(y |x) + λPkNN(y |x)
: hyperparameterλ

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020. 

Nonparametric distribution

Parametric distribution 



kNN-LM - results

The lower the better

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020. 
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Better with bigger datastoreOutperforms no-retrieval LM
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Triggering Retrieval with TokensTriggering Retrieval w/ Tokens
• Toolformer 

(Schick et al. 
2023) generates 
tokens that 
trigger retrieval 
(or other tools) 

• Training is done 
in an iterative 
manner - 
generate and 
identify 
successful 
retrievals



Triggering Retrieval with UncertaintyTriggering Retrieval w/ Uncertainty
• FLARE (Jiang et al. 2023) tries to generate 

content, then does retrieval if LM certainty is low



Token-Level Approximate AttentionToken-level Approximate Attention 
• Unlimiformer (Bertsch et al. 2023) notes that attention is 

an inner-product and does top-k attention 

• First, process input with a sliding window 

• Then perform attention using a vector index

25



Training



Retrieval-augmented LMs

Index

LMQuery

Input

Output

Datastore



Training retrieval-augmented LMs

Index

LM

Input

Output

Datastore

Back- 
propagate

Back-propagate

Query



Why is training challenging?

Index

LM

Input

Output

Datastore

Back- 
propagate

Back-propagate

Query

⚠
Training LMs can 

be very expensive!



Why is training challenging?

Index

LM

Input

Output

Datastore

Back- 
propagate

⚠
Too large! Expensive to update 

index during training!

Back-propagate

Query

⚠
Training LMs can 

be very expensive!



Challenges of updating retrieval models

Datastore

x1

x2

x3

…

Encoder Index

We may encode a lot of (>100M) 
text chunks using the encoder!
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Challenges of updating retrieval models

Datastore

x1

x2

x3

…

Encoder Index

Re-indexing will be very expensive!



Training methods for retrieval-augmented LMs

• Independent training

• Sequential training

• Joint training w/ asynchronous index update

• Joint training w/ in-batch approximation



• Independent training 
• Sequential training

• Joint training w/ asynchronous index update

• Joint training w/ in-batch approximation

Training methods for retrieval-augmented LMs



Independent training

Retrieval models and language models are trained independently

Retriever

LMInput Output

Query
Datastore

Chunks/tokens

- Training retrieval models

- Training language models
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Chunks/tokens

- Training retrieval models

- Training language models
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Sparse retrieval models: TF-IDF / BM25 

Often closed-form (cf. n-gram). No training!

87

In 1997, Apple merged with NeXT, 
and Steve Jobs became CEO of …

Jobs returned to Apple as CEO 
after the company's acquisition …

[0, 0, 0.4, 0, 0.8, 0.7, …]

[0, 1.2, 0.4, 0, 0.8, 0, …]

Text chunks Sparse vectors

Lexical overlap

Ramos. Using TF-IDF to Determine Word Relevance in Document Queries. 2023. 
Robertson and Zaragoza. The Probabilistic Relevance Framework: BM25 and Beyond. 

Foundations and Trends in Information Retrieval 2009.



One-Hot Encoding



Vector Space Model
• Information retrieval model developed by 

Salton and colleagues in 1968

• Documents and queries are both 
represented by vectors of term weighs

• Collection thus a matrix of term weights



Vector Space Model



Vector Space Model
Term Query

aquarium 0

bowl 0

care 0

fish 1

freshwater 0

goldfish 0

homepage 0

keep 0

setup 0

tank 0

tropical 1

Query: tropical fish

Usually much sparser than a document!



Vector Space Model

3-d pictures useful, but can be 
misleading for high-dimensional 

space

Retrieve vectors 
near the query



Vector Space Model
• Documents ranked by distance between 

points representing query and documents

• Similarity measure more common than a 
distance or dissimilarity measure

• e.g. Cosine correlation

• Note speedup when query is sparse



Term Weights
• Often tf.idf weights (Spärck-Jones, 1973)

• Term frequency weight, normalized by all terms  in document , 
measures importance in document: 

• Inverse document frequency measures importance in 
collection: 

• Heuristic combination (note add-1 smoothing to avoid log 0)

•
  

j i

tfik =
fik

∑t
j=1 fij

idfk = log
N
nk

dik =
log( fik + 1) ⋅ log( N

nk
)

[∑t
j=1 log( fij + 1) ⋅ log( N

nj
)]

2



BM25

• Popular and effective ranking algorithm based 
on binary independence model (cf. naive Bayes) 
– adds document and query term weights 

– k1, k2  and K are parameters whose values are set 
empirically; R, r for user feedback 

–                                               dl is doc length 
– Typical TREC value for k1 is 1.2, k2  varies from 0 to 

1000, b = 0.75



A Shakespeare Concordance



A Model of Ranking



Example “Collection”



Simple Inverted  
Index



Inverted Index

with counts


•   supports better              
ranking algorithms




Inverted Index

with positions


• supports 

proximity matches



Inverted Index

• Each index term (i.e., feature) is associated with an inverted list

• Each entry in the inverted list is a posting

• Each posting contains a document ID and possibly feature weights and 

positions

• How do we define a document?

• How to order the postings?

• When is this faster than a linear scan over all documents?

• When features are sparse, i.e., the expected number of non-zero 

components in the dot product is small

• This and more in Information Retrieval course



Dense retrieval models: DPR (Karpukhin et al. 2020)

Encoder Encoder

Query Text chunks

q

Inner Product Similarity

103

Dense vectors

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.



Training dense retrieval models: DPR

Encoder Encoder

Query Text chunks

q

Inner Product Similarity

104Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.



Training dense retrieval models: DPR

Encoder Encoder

Query Text chunks

q

Inner Product Similarity

L(q, p+, p−
1 , p−

2 , …, p−
n )

= − log
exp(sim(q, p+))

exp(sim(q, p+)) + ∑n
j=1 exp(sim(q, p−

j ))
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Encoder Encoder
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Contrastive learning

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.



Training dense retrieval models: DPR

Encoder Encoder

Query Text chunks

q

Inner Product Similarity
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2 , …, p−
n )

= − log
exp(sim(q, p+))

exp(sim(q, p+)) + ∑n
j=1 exp(sim(q, p−
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Positive

Negative

Positive

Negative

Contrastive learning

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.



Training dense retrieval models: DPR

Encoder Encoder

Query Text chunks

q

Inner Product Similarity

L(q, p+, p−
1 , p−

2 , …, p−
n )

= − log
exp(sim(q, p+))

exp(sim(q, p+)) + ∑n
j=1 exp(sim(q, p−

j ))
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Positive passage

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.



Training dense retrieval models: DPR

Encoder Encoder

Query Text chunks

q

Inner Product Similarity

L(q, p+, p−
1 , p−

2 , …, p−
n )

= − log
exp(sim(q, p+))

exp(sim(q, p+)) + ∑n
j=1 exp(sim(q, p−

j ))
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Positive passage

Negative passages 
Too expensive to consider all negatives!



Approximate Nearest-Neighbor Search
Approximate Nearest 

Neighbor Search
• Methods to retrieve embeddings in sub-linear time

• Software: FAISS, ChromaDB

101100
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010

011

001

Locality sensitive hashing: 
make partitions in continuous 
space, use like inverted index

Graph-based search: create 
“hubs” and search from there



LSH for Cosine Similarity: Simhash



LSH for Cosine Similarity: Simhash



RAG with LMs using different retrievers

Better retrieval model
Better base LMs 

Better retrieval-based LMs

Each component can be improved 
separately

Ram et al. In-Context Retrieval-Augmented Language Models. TACL 2023.



Independent training

Work with off-the-shelf models (no extra training required)

Each part can be improved independently
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Independent training

Work with off-the-shelf models (no extra training required)

Each part can be improved independently

LMs are not trained to leverage retrieval

Retrieval models are not optimized for LM tasks/domains
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• Independent training

• Sequential training 
• Joint training w/ asynchronous index update

• Joint training w/ in-batch approximation

Training methods for retrieval-augmented LMs



Sequential training

- One component is first trained independently and then fixed

- The other component is trained with an objective that depends on the first one
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Sequential training

- One component is first trained independently and then fixed

- The other component is trained with an objective that depends on the first one
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Retriever LM Retriever LM

e.g., RETRO; WebGPT



RETRO: Training
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RETRO: Training

IndexRetrieval 
Encoder

x1

x2

x3

p1
1 . . . pk

1

p1
2 . . . pk

2

p1
3 . . . pk

3

x1

x2

x3

LM 
Encoder

E1

E2

E3

EMB

RETRO blocks (xL)

ATTN CCA FFW HEAD

E1 E2 E3

Back-propagate

⚠

Updating an index with 600B is 
extremely expensive!!



RETRO: Training

IndexRetrieval 
Encoder

x1

x2

x3

p1
1 . . . pk

1

p1
2 . . . pk

2

p1
3 . . . pk

3

x1

x2

x3

LM 
Encoder

E1

E2

E3

EMB

RETRO blocks (xL)

ATTN CCA FFW HEAD

E1 E2 E3

Back-propagate

Stop-gradient

Fix the retrieval encoder and 
the index during training!



Sequential training

Work with off-the-shelf components (either a large index or a powerful LM)

LMs are trained to effectively leverage retrieval results

One component is still fixed and not trained

Retrievers are trained to provide text that helps LMs the most
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Sequential training

Work with off-the-shelf components (either a large index or a powerful LM)

LMs are trained to effectively leverage retrieval results

One component is still fixed and not trained

Retrievers are trained to provide text that helps LMs the most
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Let’s jointly train retrieval models and LMs!



• Independent training

• Sequential training

• Joint training w/ asynchronous index update  
• Joint training w/ in-batch approximation

Training methods for retrieval-augmented LMs



• Independent training

• Sequential training

• Joint training w/ asynchronous index update 
• Joint training w/ in-batch approximation

Training methods for retrieval-augmented LMs



Joint training w/ asynchronous index update

- Retrieval models and language models are trained jointly

- Allow the index to be “stale”; rebuild the retrieval index every T steps

Index

LM

Input

Output

Back- 
propagate

Datastore

Back-propagate w/  
asynchronous update
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Asynchronous index update

Datastore

x1

x2

x3

…

Encoder Index



Asynchronous index update

Datastore

x1

x2

x3

…

Updated 
Encoder

Stale 
Index



Asynchronous index update

Datastore

x1

x2

x3

…

Updated 
Encoder

Updated 
Index

T updates Refresh



REALM (Guu et al. 2020)

Index

LM

x = The [MASK] at the top of the pyramid.

The pyramidion on top 
allows for less material 
higher up the pyramid.

q (=x) The pyramidion on top … the pyramid. 
… 

The [MASK] at the top of the pyramid.

pyramid

P(z |x) P(y |x, z)
Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



REALM: Training

Index

LM
The pyramidion on top 
allows for less material 
higher up the pyramid.

q (=x)
The pyramidion on top … the pyramid. 

… 
The [MASK] at the top of the pyramid.

pyramid

Pθ(z |x) Pθ(y |x, z)

Objective: maximize ∑
z∈𝒵θ

Pθ(z |q)Pθ(y |q, z)

 : top-K retrieved chunks𝒵θ

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



REALM: Training

Index

LM
The pyramidion on top 
allows for less material 
higher up the pyramid.

q (=x)
The pyramidion on top … the pyramid. 

… 
The [MASK] at the top of the pyramid.

pyramid

Pθ(z |x) Pθ(y |x, z)

Objective: maximize ∑
z∈𝒵θ

Pθ(z |q)Pθ(y |q, z)

 : top-K retrieved chunks𝒵θ

Back-propagation

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



REALM: Training

Index

LM
The pyramidion on top 
allows for less material 
higher up the pyramid.

q (=x)
The pyramidion on top … the pyramid. 

… 
The [MASK] at the top of the pyramid.

pyramid

Pθnew
(z |x) Pθnew

(y |x, z)

Objective: maximize ∑
z∈𝒵θ

Pθ(z |q)Pθ(y |q, z)

Up-to-date parameters

Stale index;  
Update every T steps

 : top-K retrieved chunks𝒵θ



REALM: Index update rate

How often should we update the retrieval index? 
- Frequency too high: expensive

- Frequency too slow: out-dated

REALM: updating the index every 500 training steps

20

25

30

35

40

28.70

38.20

30× slower updateREALM

EM score on NQ

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



Joint training 

End-to-end trained — each component is optimized

Good performance

Training is more complicated 

(async update, overhead, data batching, etc)

137

Train-test discrepancy still remains



Open Questions



Challenge: retrieval-augmented LMs for applications
Open-ended text generation? Reasoning?
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Challenge: retrieval-augmented LMs for applications
Open-ended text generation? Reasoning?

Doesn’t improve open-ended generation Failure of retrieval in reasoning task

0

4

8

12

16

MAUVE RankGen PPL (GPT-3) 

GPT-2
kNN-LM

Wang et al. kNN-LM Does Not Improve Open-
ended Text Generation. ACL 2023.

BehnamGhader et al. Can Retriever-Augmented Language Models Reason? The Blame 
Game Between the Retriever and the Language Model. EMNLP Findings 2023.
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Challenge: efficiency retrieval-augmented LMs
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Mallen*, Asai* et al., When Not to Trust Language Models: 
Investigating Effectiveness of Parametric and Non-Parametric Memories (Best Video; Oral) 2023. 
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Challenge: efficiency retrieval-augmented LMs
Additional costs from retrieval augmentation

LM

Datastore

+

+

Retrieval-augmented LMs add inference costs

Mallen*, Asai* et al., When Not to Trust Language Models: 
Investigating Effectiveness of Parametric and Non-Parametric Memories (Best Video; Oral) 2023. 
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# of parameters # of tokens

kNN-LM (Khandelwal et al., 2020) 250M  3B
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Challenge: robustness and controllability

Liu et al. Evaluating Verifiability in Generative Search 
Engines. Findings of EMNLP 2023. 



Challenge: robustness and controllability

Retrieval-augmented LMs can still hallucinate

Liu et al. Evaluating Verifiability in Generative Search 
Engines. Findings of EMNLP 2023. 



Beyond semantic and lexical-similarity based search

Asai et al., Task-aware Retrieval with Instruction. 
Findings of ACL 2023. 

Lin et al., RA-DIT: Retrieval-Augmented Dual Instruction Tuning. 
ICLR 2024.



Beyond semantic and lexical-similarity based search

Asai et al., Task-aware Retrieval with Instruction. 
Findings of ACL 2023. 

Lin et al., RA-DIT: Retrieval-Augmented Dual Instruction Tuning. 
ICLR 2024.

Training retrievers to optimize end-to-end retrieval-augmented LM performance
 in diverse tasks tasks 



New architectures for performance and efficiency

Muennighoff et al. Generative 
Representational Instruction Tuning. 2024. 

Cao et al. BTR: Binary Token 
Representations for Efficient Retrieval 

Augmented Language Models. ICLR 2024. 



New architectures for performance and efficiency

Muennighoff et al. Generative 
Representational Instruction Tuning. 2024. 

Cao et al. BTR: Binary Token 
Representations for Efficient Retrieval 

Augmented Language Models. ICLR 2024. 

Further explorations of unified architectures & caching
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Asai et al. Self-RAG: Learning to Retrieve, Generate and 
Critique with Retrieval. ICLR  2024. 

Instruction-tuning with retrieval 



Training LMs with Retrieval

Asai et al. Self-RAG: Learning to Retrieve, Generate and 
Critique with Retrieval. ICLR  2024. 

Instruction-tuning with retrieval 

Shi. et al. In-Context Pretraining: Language Modeling 
Beyond Document Boundaries. ICLR 2024. 

Retrieval-aware pre-training



Training LMs with Retrieval

Training LMs to learn to use retrieval during pre-training or instruction-tuning

Asai et al. Self-RAG: Learning to Retrieve, Generate and 
Critique with Retrieval. ICLR  2024. 

Instruction-tuning with retrieval 

Shi. et al. In-Context Pretraining: Language Modeling 
Beyond Document Boundaries. ICLR 2024. 

Retrieval-aware pre-training



Summing up Retrieval-Augmented LMs

• Retrieval-augmented LMs reduce many problems: 
hallucination, lack of interpretability, large parameter counts


• Different architectures with their own training and inference 
tradeoffs


• Jointly training retrieval and language models is important 
but hard


• Usually evaluated like other language models, but users 
often see retrieval results directly


