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Comparison
Retrieval methods

Dimension Sparse Dense Learning to Rank

Matching Lexical Semantic Feature-based (hybrid)

Out-of-domain Robust Can degrade Can degrade (data-dependent)

Rare entities Strong Weak Strong (if features capture them)

Paraphrase Weak Strong Strong

Training None Required Required (labeled data)
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Inference (online)
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Function class: warm up
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Function class: warm up
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● more generally, a function class bounds the types of relationships a model can 
learn

○ linear model: compact, fast, interpretable, less expressive (e.g., nonlinear relationships)
○ boosted decision tree: compact, fast, more interpretable, can express nonlinear relationships
○ neural network: larger, can be fast, less interpretable, extremely expressive

● appropriate function class depends on requirements of the domain
○ model size
○ latency
○ interpretability
○ effectiveness 

● each function class is parameterized in such a way that a good model can be 
selected using a loss function

Function class
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Loss function
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Pointwise loss
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● pointwise learning to rank: the function predicts the document label (i.e., 
relevance) based on the features. 

● intuitive modeling problem
● interpretable prediction (i.e., relevance) on the scale provided by the system 

designer.



Pointwise loss
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Pairwise loss
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Pairwise loss: training data
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Pairwise loss
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how is preference data used to train a model?

● tell the learning algorithm which document is better
● do not tell it the true rating of the documents
○ know what the ranking order should be
○ don’t know what the scores should be

● Don’t train the algorithm to predict a number that we might choose arbitrarily
● algorithm is free to predict any scores that satisfy the ranking order
● goal is to minimize the number of prediction mistakes



Pairwise loss
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Listwise loss
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Listwise loss: training data

17



Listwise loss: training data
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● Directly optimizing some metrics is hard
○ Popular metrics (e.g., NDCG@n) are not continuous, nor convex
○ Very hard for optimization algorithms

● Two common strategies in listwise approaches:
○ Find an easier metric that is intuitive and easy to optimize (e..g. likelihood of ‘best’ rankings in training 

data).
○ Directly optimize ranking evaluation metrics, with approximation



Pairwise Ranking Prompting (PRP)
LLM Reranking

Instead of training a model, can we use LLMs as the rerankers.

Zhen Qin, Rolf Jagerman, Kai Hui, Honglei Zhuang, Junru Wu, Le Yan, Jiaming Shen, Tianqi Liu, Jialu Liu, Donald Metzler, Xuanhui Wang, and Michael Bendersky. Large language models are effective text 
rankers with pairwise ranking prompting. In Kevin Duh, Helena Gomez, and Steven Bethard, editors, Findings of the association for computational linguistics, 2024

ing tasks, with the motivation to significantly re-
duce the task complexity for LLMs and resolve the
calibration issue. PRP is based on simple prompt
design and naturally supports both generation and
scoring LLMs APIs. We describe several variants
of PRP to address efficiency concerns. PRP results
are the first in the literature that can achieve state-
of-the-art ranking performance by using moderate-
sized, open-sourced LLMs on standard benchmark
datasets. On TREC-DL2020, PRP based on the
FLAN-UL2 model with 20B parameters outper-
forms the previous best approach in the literature,
based on the blackbox commercial GPT-4 that has
(an estimated) 50X model size, by over 5% at
NDCG@1. On TREC-DL2019, PRP is only in-
ferior to the GPT-4 solution on the NDCG@5 and
NDCG@10 metrics, but can outperform existing
solutions, such as InstructGPT which has 175B
parameters, by over 10% for nearly all ranking met-
rics. We also show competitive results using FLAN-
T5 models with 3B and 13B parameters, demon-
strating the power and generality of PRP. The ob-
servations are further validated on seven BEIR
datasets covering various domains, where PRP per-
forms competitively with supervised rankers and
outperforms other LLM based approaches by a
large margin. We further discuss other benefits of
PRP, such as being insensitive to input ordering.

We note that "pairwise" paradigm is in itself
a very general and classic idea that impacted a
wide range of areas. The novelty of our work lies
in the important scenario where the technique is
introduced, the adaptations to make it practical,
the effectiveness it enables, as well as potential
changes and insights it inspires. In summary, the
contributions of this paper are three-fold:

• We for the first time in published literature
show pairwise ranking prompting effective-
ness for ranking with LLMs. It is able to pro-
duce state-of-the-art ranking performance on
a wide range of datasets with simple prompt-
ing and scoring mechanism.

• Our results are based on moderate-sized, open-
sourced LLMs, comparing with existing so-
lutions that use blackbox, commercial, and
larger models. The finding will facilitate fu-
ture research in this direction.

• We study several efficiency improvements and
show promising empirical performance.

(a)

Passage: {passage}
Query: {query}
Does the passage
answer the query?

LLM

Yes / No

(b)

The following are
passages related to
query {query}
[1] {passage_1}
[2] {passage_2}
...

Rank these passages
based on their rele-
vance to the query.

LLM

[5]>[1]>[2]>. . .

Figure 1: Two existing prompting methods for ranking:
(a) the pointwise relevance generation approach and (b)
the listwise permutation approach.

2 Difficulties of ranking tasks for LLMs

As discussed in Section 1, to date there is limited
evidence showing off-the-shelf LLM-based rankers
can outperform fine-tuned smaller rankers. We dis-
cuss why this is the case by overviewing and ana-
lyzing existing methods, which can be categorized
into pointwise or listwise approaches.

2.1 Pointwise approaches

Pointwise approaches are the major methods prior
to very recent listwise approaches discussed in Sec-
tion 2.2. There are two popular methods, relevance
generation (Liang et al., 2022) and query gener-
ation (Sachan et al., 2022; Drozdov et al., 2023).
Figure 1 (a) shows the prompt used for relevance
generation. The relevance score si is defined as:

si =

(
1 + p(Yes), if output Yes
1� p(No), if output No

(1)

where p(Yes) and p(No) denote the probabilities
of LLMs generating ‘Yes’ and ‘No’ respectively.
Meanwhile query generation approach asks LLMs
to generate a query based on the document ("Please
write a question based on this passage. Passage:
{{passage}} Question:"), and measures the proba-
bility of generating the actual query. Readers can
refer to Sachan et al. (2022) for more details.

There are two major issues with pointwise ap-
proaches. First, pointwise relevance prediction re-
quires the model to output calibrated pointwise pre-
dictions so that they can be used for comparisons
in sorting. This is not only very difficult to achieve
across prompts (Desai and Durrett, 2020), but also
unnecessary for ranking, which only requires rela-
tive ordering, a major focus of the learning to rank
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field (Liu, 2009). Also, pointwise methods will not
work for generation API, which is common, such
as GPT-4, since it requires the log probability of
the desired predictions to perform sorting.

2.2 Listwise approaches

Very recently, two parallel works (Sun et al., 2023b;
Ma et al., 2023) explore listwise approaches, by di-
rectly inserting the query and a list of documents
into a prompt. Both methods feed a partial list
of 10 or 20 documents every time and perform a
sliding window approach due to the prompt length
constraints. Figure 1 (b) shows a simplified version
of the listwise ranking prompt. Both works ex-
plored text-davinci-003, i.e., InstructGPT (Ouyang
et al., 2022) with 175B parameters, showing signif-
icantly worse performance than fine-tuned baseline
rankers. Sun et al. (2023b) were able to further
explore gpt-3.5-turbo (the model behind ChatGPT)
and GPT-4. Only the GPT-4 based approach could
achieve competitive results, which is based on the
blackbox, commercial, and giant (1T estimated pa-
rameters (VanBuskirk, 2023; Baktash and Dawodi,
2023)) system, without academic publication dis-
cussing technical details (OpenAI (2023) mainly
focused on evaluations).

The issues are again due to the difficulty of the
listwise ranking task for LLMs. Sun et al. (2023b)
show that there are frequent prediction failures with
the following patterns:

• Missing: When LLMs only outputs a partial
list of the input documents.

• Rejection: LLMs refuse to perform the rank-
ing task and produce irrelevant outputs.

• Repetition: LLMs output the same document
more than once.

• Inconsistency: The same list of documents
have different output rankings when they are
fed in with different order or context.

In fact, we tried the same prompt from (Sun et al.,
2023b) on the FLAN-UL2 model with 20B parame-
ters, and found very few of the outputs to be usable.
The model will either just output few documents
(e.g., "[1]"), an ordered list based on id (e.g. "[3] >
[2] > [1] ..."), or text which is not parseable.

Different from pointwise approaches, listwise
approaches can only use the generation API – get-
ting the log probability of all listwise permutations
is prohibitively expensive. In other words, there
is no easy solution if the generation API does not
output desired results, which is common. These
methods will fall back to the initial ranking, and

Given a query {query}, which of
the following two passages is more
relevant to the query?

Passage A: {passage_a}

Passage B: {passage_b}

Output Passage A or Passage B:

LLM

Generated text:
"Passage A"

"Passage A": �0.0012

"Passage B": �6.9116

generation modescoring mode

Figure 2: An illustration of pairwise ranking prompting.
The scores in scoring mode represent the log-likelihood
of the model generating the target text given the prompt.
See the exact prompt template in Appendix E

due to the high failure rate, the results are highly
sensitive to input ordering.

These observations are not entirely surprising.
Existing popular LLMs are generally not specifi-
cally pre-trained or fine-tuned against ranking tasks.
However, we show that LLMs do have a sense of
pairwise relative comparisons, which is much sim-
pler than requiring a calibrated pointwise relevance
estimation or outputting a permutation for a list of
documents.

3 Pairwise ranking prompting

We propose Pairwise Ranking Prompting (PRP) for
ranking with LLMs. We describe the basic pairwise
prompting unit, how it supports both generation
and scoring APIs, and propose several variants of
PRP with different ranking strategies and efficiency
properties.

3.1 Prompting design

Our pairwise ranking prompt is simple and intu-
itive, as shown in Figure 2. The exact prompt
template is shown in Appendix F. This pairwise
prompting will serve the basic computation unit in
all PRP variants, which we denote as u(q, d1, d2)
for a query q and two documents d1 and d2.

PRP naturally supports both generation API and
scoring API. The latter is made possible since we
only have two expected outputs ("Passage A" and
"Passage B") for LLM inquiries. Since using scor-
ing mode can mitigate potential issues when the
generation API generates irrelevant outputs, our
main results are based on the scoring mode, though
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Pairwise Ranking Prompting (PRP)
LLM Reranking

Zhen Qin, Rolf Jagerman, Kai Hui, Honglei Zhuang, Junru Wu, Le Yan, Jiaming Shen, Tianqi Liu, Jialu Liu, Donald Metzler, Xuanhui Wang, and Michael Bendersky. Large language models are effective text 
rankers with pairwise ranking prompting. In Kevin Duh, Helena Gomez, and Steven Bethard, editors, Findings of the association for computational linguistics, 2024

Table 3: Results (NDCG@10) on BEIR datasets. All models re-rank the same BM25 top-100 passages. Best over-
all model is in boldface, best and second best unsupervised LLM method are underlined and italicized respectively,
for each metric. All unsupervised LLM methods use BM25 to resolve prediction conflicts or failures.

Method LLM Size Covid Touche DBPedia SciFact Signal News Robust04 Avg
BM25 NA NA 59.47 44.22 31.80 67.89 33.05 39.52 40.70 45.23

Supervised Methods

monoBERT BERT 340M 70.01 31.75 41.87 71.36 31.44 44.62 49.35 48.63
monoT5 T5 220M 78.34 30.82 42.42 73.40 31.67 46.83 51.72 50.74
monoT5 T5 3B 80.71 32.41 44.45 76.57 32.55 48.49 56.71 53.13
RankT5 T5 3B 82.00 37.62 44.19 76.86 31.80 48.15 52.76 53.34
TART-Rerank T5 3B 75.10 27.46 42.53 74.84 25.84 40.01 50.75 48.08

Unsupervised LLM Methods

UPR FLAN-T5-XXL 11B 72.64 21.56 35.14 73.54 30.81 42.99 47.85 46.36
RG FLAN-T5-XXL 11B 70.31 22.10 31.32 63.43 26.89 37.34 51.56 43.28
UPR FLAN-UL2 20B 70.69 23.68 34.64 71.09 30.33 41.78 47.52 45.68
RG FLAN-UL2 20B 70.22 24.67 30.56 64.74 29.68 43.78 53.00 45.24
RankGPT gpt-3.5-turbo 154B 76.67 36.18 44.47 70.43 32.12 48.85 50.62 51.33
PRP-Allpair FLAN-T5-XL 3B 81.86 26.93 44.63 73.25 32.08 46.52 54.02 51.33
PRP-Sorting FLAN-T5-XL 3B 80.41 28.23 42.84 67.94 30.95 42.95 50.07 49.06
PRP-Sliding-10 FLAN-T5-XL 3B 77.58 40.48 44.77 73.43 35.62 46.45 50.74 52.72
PRP-Allpair FLAN-T5-XXL 11B 79.62 29.81 41.41 74.23 32.22 47.68 56.76 51.67
PRP-Sorting FLAN-T5-XXL 11B 78.75 29.61 39.23 70.10 31.28 44.68 53.01 49.52
PRP-Sliding-10 FLAN-T5-XXL 11B 74.39 41.60 42.19 72.46 35.12 47.26 52.38 52.20
PRP-Allpair FLAN-UL2 20B 82.30 29.71 45.94 75.70 32.26 48.04 55.49 52.78
PRP-Sorting FLAN-UL2 20B 82.29 25.80 44.53 67.07 32.04 45.37 51.45 49.79
PRP-Sliding-10 FLAN-UL2 20B 79.45 37.89 46.47 73.33 35.20 49.11 53.43 53.55

Table 4: Input order sensitivity results on the TREC-DL2019 dataset.

Method LLM Init Order NDCG@1 NDCG@5 NDCG@10
RankGPT gpt-3.5-turbo BM25 82.17 71.15 65.80
RankGPT gpt-3.5-turbo Inverse BM25 36.43 31.79 32.77

PRP-Allpair FLAN-UL2-20B BM25 73.64 74.77 72.42
PRP-Allpair FLAN-UL2-20B Inverse BM25 74.42 74.48 72.40

PRP-Sliding-1 FLAN-UL2-20B BM25 78.29 62.15 57.58
PRP-Sliding-1 FLAN-UL2-20B Inverse BM25 71.32 32.72 26.04

PRP-Sliding-10 FLAN-UL2-20B BM25 78.29 75.49 72.65
PRP-Sliding-10 FLAN-UL2-20B Inverse BM25 71.32 67.91 64.84

LLMs that are easily approachable for academic re-
searchers (Taori et al., 2023), alleviating the need to
call commercial APIs. However, further reducing
the number of calls to LLMs is still an interesting
research direction, such as leveraging active learn-
ing techniques. The distillation of LLM rankers to
servable models in large-scale systems is also an
important future direction (Sun et al., 2023a; Qin
et al., 2023).

Data Leakage from LLMs. We note there is
minimal label leakage issues as we leverage open-
sourced LLMs with clear documentations, while it
is not clear for blackbox commercial LLMs. The
comparisons with existing pointwise and listwise
approaches on the same LLMs are also fair. Please
see a more comprehensive examination on data
leakage in Appendix C.

8 Related Work

We did a detailed review and analysis of the most
relevant existing efforts for ranking with LLMs,
including pointwise and listwise approaches in Sec-
tion 2. These works and ours focus on the challeng-
ing unsupervised text ranking setting with LLMs
without providing any demonstrations, conduct-
ing any fine-tuning, or training of an additional
model. Prior to the recent efforts on ranking with
LLMs, most work focus on the supervised learning
to rank problem (Liu, 2009; Qin et al., 2021) by
fine-tuning Pre-trained Language Models (PLMs)
such as T5 (Nogueira et al., 2020; Zhuang et al.,
2023) or BERT (Nogueira and Cho, 2019; Zhuang
et al., 2021), which serve as very strong baselines.
Very recently some work fine-tunes LLMs or dis-
tills from black-box LLMs (Pradeep et al., 2023),
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PRP-Sliding-10 FLAN-T5-XL 3B 77.58 40.48 44.77 73.43 35.62 46.45 50.74 52.72
PRP-Allpair FLAN-T5-XXL 11B 79.62 29.81 41.41 74.23 32.22 47.68 56.76 51.67
PRP-Sorting FLAN-T5-XXL 11B 78.75 29.61 39.23 70.10 31.28 44.68 53.01 49.52
PRP-Sliding-10 FLAN-T5-XXL 11B 74.39 41.60 42.19 72.46 35.12 47.26 52.38 52.20
PRP-Allpair FLAN-UL2 20B 82.30 29.71 45.94 75.70 32.26 48.04 55.49 52.78
PRP-Sorting FLAN-UL2 20B 82.29 25.80 44.53 67.07 32.04 45.37 51.45 49.79
PRP-Sliding-10 FLAN-UL2 20B 79.45 37.89 46.47 73.33 35.20 49.11 53.43 53.55

Table 4: Input order sensitivity results on the TREC-DL2019 dataset.

Method LLM Init Order NDCG@1 NDCG@5 NDCG@10
RankGPT gpt-3.5-turbo BM25 82.17 71.15 65.80
RankGPT gpt-3.5-turbo Inverse BM25 36.43 31.79 32.77

PRP-Allpair FLAN-UL2-20B BM25 73.64 74.77 72.42
PRP-Allpair FLAN-UL2-20B Inverse BM25 74.42 74.48 72.40

PRP-Sliding-1 FLAN-UL2-20B BM25 78.29 62.15 57.58
PRP-Sliding-1 FLAN-UL2-20B Inverse BM25 71.32 32.72 26.04

PRP-Sliding-10 FLAN-UL2-20B BM25 78.29 75.49 72.65
PRP-Sliding-10 FLAN-UL2-20B Inverse BM25 71.32 67.91 64.84

LLMs that are easily approachable for academic re-
searchers (Taori et al., 2023), alleviating the need to
call commercial APIs. However, further reducing
the number of calls to LLMs is still an interesting
research direction, such as leveraging active learn-
ing techniques. The distillation of LLM rankers to
servable models in large-scale systems is also an
important future direction (Sun et al., 2023a; Qin
et al., 2023).

Data Leakage from LLMs. We note there is
minimal label leakage issues as we leverage open-
sourced LLMs with clear documentations, while it
is not clear for blackbox commercial LLMs. The
comparisons with existing pointwise and listwise
approaches on the same LLMs are also fair. Please
see a more comprehensive examination on data
leakage in Appendix C.

8 Related Work

We did a detailed review and analysis of the most
relevant existing efforts for ranking with LLMs,
including pointwise and listwise approaches in Sec-
tion 2. These works and ours focus on the challeng-
ing unsupervised text ranking setting with LLMs
without providing any demonstrations, conduct-
ing any fine-tuning, or training of an additional
model. Prior to the recent efforts on ranking with
LLMs, most work focus on the supervised learning
to rank problem (Liu, 2009; Qin et al., 2021) by
fine-tuning Pre-trained Language Models (PLMs)
such as T5 (Nogueira et al., 2020; Zhuang et al.,
2023) or BERT (Nogueira and Cho, 2019; Zhuang
et al., 2021), which serve as very strong baselines.
Very recently some work fine-tunes LLMs or dis-
tills from black-box LLMs (Pradeep et al., 2023),
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Comparison
Retrieval methods

Dimension Sparse Dense Learning to Rank

Matching Lexical Semantic Feature-based (hybrid)

Out-of-domain Robust Can degrade
Can degrade (data-
dependent)

Rare entities Strong Weak
Strong (if features capture 
them)

Paraphrase Weak Strong Strong

Training None Required Required (labeled data)

Data type Text Text Heterogeneous

Design stage Prototyping Developing Polishing

Retrieval stage



poll: comparing retrieval 
approaches



From Embeddings to Knowledge Access

Last Lecture

Embeddings

This Lecture

Storing and Retrieving 
Knowledge

Retrieval-Augmented 
Generation

Next

How to encode information How to find information How to use information

text documents

images

conversations

viewing histories

vectors

text documents

images

conversations

viewing histories

query



Retrieval as a Tool

24

● Search engines and recommender systems are 
tools to accomplish tasks.

● People use search to find relevant knowledge 
to help them accomplish tasks

● cooking dinner
● literature review
● shopping
● …

● LLMs can too!
● answering questions
● coding
● …

search

start
task

finish
task

receive
feedback



Retrieval-enhanced machine learning

25

predictive model

<latexit sha1_base64="j1CisYZomY2l3VdZke7e+/fXvL8="></latexit>

x ∈ X

<latexit sha1_base64="V0quQ9CrjgDZa9QwvwSPM3WztLw="></latexit>

fθ

<latexit sha1_base64="+w2hM30FS5Ugskr9zeojqmlmtGg="></latexit>

y ∈ Y

searching

query processing

presentation

<latexit sha1_base64="mNYwze7bB1ZvUropX38FIOdS7SU="></latexit>

r ∈ R

Hamed Zamani, Fernando Diaz, Mostafa Dehghani, Donald Metzler, and Michael Bendersky. Retrieval-enhanced machine learning. In Proceedings of the 45th annual international acm sigir conference on 
research and development in information retrieval, 2022.

In LLMs the presented 
results are incorporated 
into the generator’s 
prompt for the final 
answer



What does retrieval provide as a tool?

26

Parametric memory Non-parametric memory (RAG)

Hallucination
Confident generation of false information

Grounds generation
Retrieval provides evidence

Staleness
Knowledge frozen at training time

Updatable corpus
No retraining needed

Unverifiability
No source for claims

Provides citations
Retrieved passages as sources

Cost of updates
Retraining is expensive

Cost-effective
Knowledge scales independently

Hamed Zamani, Fernando Diaz, Mostafa Dehghani, Donald Metzler, and Michael Bendersky. Retrieval-enhanced machine learning. In Proceedings of the 45th annual international acm sigir conference on 
research and development in information retrieval, 2022.



Hallucinations

27
Alex Mallen, Akari Asai, Victor Zhong, Rajarshi Das, Daniel Khashabi, and Hannaneh Hajishirzi. When not to trust language models: investigating effectiveness of parametric and non-parametric 
memories. In Anna Rogers, Jordan Boyd-Graber, and Naoaki Okazaki, editors, Proceedings of the 61st annual meeting of the association for computational linguistics (volume 1: long papers), 2023

Retrieval-augmented LMs can reduce hallucinations, especially in long-tail knowledge 



Staleness

28
Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right 
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS '23, Red Hook, NY, USA, 2023. , Curran Associates Inc..

Parametric LMs’ knowledge gets obsolete quickly & requires continuous training



Staleness

29
Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right 
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS '23, Red Hook, NY, USA, 2023. , Curran Associates Inc..

RAG can adapt without training

Pre-training 
data

LLM

𝑃(𝑥𝑛  𝑥1, 𝑥2, …,  𝑥𝑛−1)

“Rishi Sunak is a British politician 
and the current Prime Minister of 
the United Kingdom.” 
May 2024, Wikipedia

2024 May data

“The current Prime Minister UK is…”

Rishi

Boris

Liz



Staleness
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Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right 
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS '23, Red Hook, NY, USA, 2023. , Curran Associates Inc..

RAG can adapt without training

Pre-training 
data

LLM

𝑃(𝑥𝑛  𝑥1, 𝑥2, …,  𝑥𝑛−1)

The incumbent prime minister is 
Keir Starmer, who assumed the 
office on 5 July 2024.

“The current Prime Minister UK is…”

Rishi

Boris

Keir
2024 data

2023



Staleness

31
Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right 
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS '23, Red Hook, NY, USA, 2023. , Curran Associates Inc..

We can easily swap datastores for retrieval-augmented LMs for new data distributions

2024 data

2023



Unverifiability

32
Bernd Bohnet, Vinh Q. Tran, Pat Verga, Roee Aharoni, Daniel Andor, Livio Baldini Soares, Massimiliano Ciaramita, Jacob Eisenstein, Kuzman Ganchev, Jonathan Herzig, Kai Hui, Tom Kwiatkowski, Ji Ma, 
Jianmo Ni, Lierni Sestorain Saralegui, Tal Schuster, William W. Cohen, Michael Collins, Dipanjan Das, Donald Metzler, Slav Petrov, and Kellie Webster. Attributed question answering: evaluation and 
modeling for attributed large language models. 2023.

Retrieval-augmented LMs can provide a small number of documents as attributions



Efficiency

33
Sewon Min, Suchin Gururangan, Eric Wallace, Weijia Shi, Hannaneh Hajishirzi, Noah A. Smith, and Luke Zettlemoyer. SILO language models: isolating legal risk in a nonparametric datastore. In The 
twelfth international conference on learning representations, 2024.

We can incorporate or remove high-risk data dynamically at inference, not training time  



Efficiency

34
Rulin Shao, Jacqueline He, Akari Asai, Weijia Shi, Tim Dettmers, Sewon Min, Luke Zettlemoyer, and Pang Wei Koh. Scaling retrieval-based language models with a trillion-token datastore. In Proceedings 
of the 38th international conference on neural information processing systems, NIPS '24, Red Hook, NY, USA, 2024. , Curran Associates Inc..

Retrieval-augmented LMs can be much more parameter efficient and compute-optimal 



Widespread adoption

35

Retrieval-augmented LMs have been widely used both in academia and industry



warm up: kNN-LM



kNN LM: directly interpolate output token distributions 

37
Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning 
representations (iclr), 2020.

● Given a context x, a model predicts parametric distributions for next token

Parametric distribution 
(LM output distribution) 



kNN LM: directly interpolate output token distributions 

38
Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning 
representations (iclr), 2020.

● Given a context x, a model predicts parametric distributions for next token
● kNN LM computes nonparametric distributions, by finding similar training context 

Nonparametric distribution 



kNN LM: directly interpolate output token distributions 

39
Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning 
representations (iclr), 2020.

● Given a context x, a model predicts parametric distributions for next token
● kNN LM computes nonparametric distributions, by finding similar training context 



kNN LM: directly interpolate output token distributions 

40
Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning 
representations (iclr), 2020.

● Given a context x, a model predicts parametric distributions for next token
● kNN LM computes nonparametric distributions, by finding similar training context
● Interpolates two token distributions, adjusting the balance using a hyperparamter  



kNN LM: directly interpolate output token distributions 

41
Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning 
representations (iclr), 2020.

● kNN LM constantly outperforms parametric LMs and 30x larger 3B LMs with larger datastore 
● kNN LM also enables efficient & controlled domain adaptations 

kNN LM outperforms much larger parametric LMs by large margin



Training with In-batch Memories (TRIME)

42
Zexuan Zhong, Tao Lei, and Danqi Chen. Training language models with memory augmentation. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang, editors, Proceedings of the 2022 conference on 
empirical methods in natural language processing, 5657--5673, Abu Dhabi, United Arab Emirates, December 2022. , Association for Computational Linguistics.

● kNN LM uses pre-trained LMs without any training
● TRIME introduces an efficient training method, outperforming kNN LM

Training kNN LM to better learn interpolations 

Wikitext 103 (Perplexity)

0

4.8

9.5

14.3

19

Transformer kNN LM TRIME

Dev Perp Test Perp
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Pros and cons of output interpolation 

44
Zexuan Zhong, Tao Lei, and Danqi Chen. Training language models with memory augmentation. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang, editors, Proceedings of the 2022 conference on 
empirical methods in natural language processing, 5657--5673, Abu Dhabi, United Arab Emirates, December 2022. , Association for Computational Linguistics.

● Pros
● Provides token-level attributions 
● Enables explicit control between parametric and non-parametric memories

● Cons
● Difficult to scale to large retrieval corpora (i.e., the number of embeddings equals the number of tokens)
● Empirically shows limited effectiveness outside of upsteam language modeling tasks 

kNN LM & variants have unique advantages but have several empirical challenges 



in-context RAG



46

“what is the 
highest point in 
Pittsburgh?”

user prompt

“The highest point 
in Pittsburgh is the 
Cathedral of 
Learning.”

model output

invisible to the user

augmented user prompt

Question:

“what is the highest point in Pittsburgh?”

Answer:

generate
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“what is the 
highest point in 
Pittsburgh?”

user prompt

1. “The highest point within the city of 
Pittsburgh is Mount Washington, which rises to 
approximately 1,250 feet above sea level.”

2. “Mount Washington, formerly known as Coal 
Hill, is commonly cited as the highest elevation 
in Pittsburgh and offers panoramic views of the 
city.”

3. “Pittsburgh features several elevated 
neighborhoods, including Mount Washington 
and Observatory Hill, which sit above the 
downtown area.”

4. “Pittsburgh is located at the confluence of the 
Allegheny and Monongahela rivers, forming the 
Ohio River.”

results

“The highest point 
in Pittsburgh is 
Mount 
Washington, which 
reaches an 
elevation of about 
1,250 feet above sea 
level.”

model output

invisible to the user

model query

Question:

“what is the highest point in Pittsburgh?”

Please construct a keyword query for the 
above question:

augmented user prompt

Question:

1. “The highest point within the city of Pittsburgh is 
Mount Washington, which rises to approximately 1,250 
feet above sea level.”

2. “Mount Washington, formerly known as Coal Hill, is 
commonly cited as the highest elevation in Pittsburgh 
and offers panoramic views of the city.”

3. “Pittsburgh features several elevated neighborhoods, 
including Mount Washington and Observatory Hill, 
which sit above the downtown area.”

4. “Pittsburgh is located at the confluence of the 
Allegheny and Monongahela rivers, forming the Ohio 
River.”

“what is the highest point in Pittsburgh?”

Please answer the above question based on the 
following information:

Answer:

retrieve

generate

Retrieval becomes prompt engineering: generator sees retrieved text in its context window



In-context RAG

48
Ori Ram, Yoav Levine, Itay Dalmedigos, Dor Muhlgay, Amnon Shashua, Kevin Leyton-Brown, and Yoav Shoham. In-context retrieval-augmented language models. Transactions of the Association for 
Computational Linguistics, 11:1316--1331, 2023.

● In upstream language modeling task, simply adding retrieved context gives large gains, especially smaller models  
● Similar significant gains in downstream tasks such as Question Answering

Simply augmenting input-space of LMs give significant gain across different tasks 



In-context RAG

49
Alex Mallen, Akari Asai, Victor Zhong, Rajarshi Das, Daniel Khashabi, and Hannaneh Hajishirzi. When not to trust language models: investigating effectiveness of parametric and non-parametric 
memories. In Anna Rogers, Jordan Boyd-Graber, and Naoaki Okazaki, editors, Proceedings of the 61st annual meeting of the association for computational linguistics (volume 1: long papers), 2023.

● On language modeling, BM 25 results in best performance 
● On downstream QA tasks, trained retrieval models eg Contriever results in best performance 

Effects of retrieval systems for downstream task performance 
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Limitations of naïve RAG

51
Nelson Liu, Tianyi Zhang, and Percy Liang. Evaluating verifiability in generative search engines. In Houda Bouamor, Juan Pino, and Kalika Bali, editors, Findings of the association for computational 
linguistics: emnlp 2023, 7001--7025, Singapore, December 2023. , Association for Computational Linguistics.

● In-context retrieval-augmented LMs sometimes generate content that is not fully supported by their citations

Effects of retrieval systems for downstream task performance 



Limitations of naïve RAG

52Ori Yoran, Tomer Wolfson, Ori Ram, and Jonathan Berant. Making retrieval-augmented language models robust to irrelevant context. In Iclr 2024 workshop on large language model (llm) agents, , , 2024.

● In-context retrieval-augmented LMs sometimes generate content that is not fully supported by their citations
● They can easily be distracted by unhelpful context

Effects of retrieval systems for downstream task performance 



Limitations of naïve RAG

53

● In-context retrieval-augmented LMs sometimes generate content that is not fully supported by their citations
● They can easily be distracted by unhelpful context
● Diverse tasks require different retrieval needs e.g., content, frequency 

Effects of retrieval systems for downstream task performance 

Can be easily answered based on top documents 
retrieved at the beginning Who is the current PM of UK?

Create a table listing all previous UK Prime Ministers, 
including their terms in office, political party, alma 

mater, and notable achievements.

This may require iterative retrieval, based on the 
current generation

Questions with similar solutions may have limited 
semantic similarities in embedding space

The equation x 2 + 2x = i has two complex solutions. 
Determine the product of their real parts (from 

MATH)


