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Pruning and Reranking Of retrieVEd relevaNt ContEXxts

Retrieved passages

Data Rumplinis-atitspeakinthefall—<— Eating
— > Retriever —— PUMpKIn every day can help reduce
iInflammation, strengthen your immune system
and promote eye health. It may also help
lower blood pressure. However, if you eat too
much, you may experience diarrhea from a
high dose of fiber-Read-ento-tearralabeut-
Can you eat PuRpkiA-s-hrtHor-anrd-healih-benefits.
pumpkin

Pruned passages

every day?

Eating pumpkin every day can help reduce
inflammation, strengthen your immune system

Provence removes
sentences that are
Irrelevant to
the user question

Context
pruner

and promote eye health. It may also help lower
blood pressure. However, if you eat too much, you
may experience diarrhea from a high dose of fiber.

User

question PROVENCE

Generator Advant -
LLM Yes, but not too much, as it may cause diarrhea. d. antages.
Generation speed up +
Generated response Reduce propagation of
irrelevant information




EXISting context pruning approaches

adaptability efficiency robustness
Approach Query- Granularity Output Type  Base arch. Multi- Model re-
dep. domain lease
testing
Selective Context No token-level % of tokens extr. [lama-7B / GPT2 Yes Yes
LLMLingua No token-level % of tokens extr. Alpaca-7B / GPT2 Yes Yes
LongLLLMLingua Yes token-level % of tokens extr. [Llama-2-7B-chat Yes Yes
LLMLingua2 No token-level % of tokens extr. RoBERTa / mBERT Yes Yes
RECOMP extr. Yes sent.-level k sentences extr. BERT No Yes
RECOMP abstr. Yes sent.-level 2 0 sentences abstr.  TS5-L No Yes
FilCo Yes sent.-level 1 sentence abstr.  T5-XL /Llama-2-7B No No
COMPACT Yes sent.-level 2 0 sentences abstr.  Mistral-7B No Yes
Provence (ours) Yes sent.-level 2 0 sentences extr. DeBERTa Yes Yes

Violet: practical solution
Orange: less-practical solution

In Provence, we aim to train an adaptable, efficient and robust context pruner
ready to be used out-of-the-box for any question answering domain and any LLM



Provence training

Step 1: retrieve passages relevant to the train questions
Step 2: generate synthetic labels using a strong LLM

Step 3: train a compact context compressor using the synthetic labels



Step 1: retrieval for the train set

Train set

MS MARCO

A dataset commonly
used to train retrievers
Diverse domain data
(crawled from the web)

Data store

How many French
words are there in
English?

Train
question

Retrieval
pipeline

—

Retrieved passages

Influence of French on English. The most
notable influence of French on English
has been its extensive contribution to the
English lexicon. It has been estimated
that about a third of the words in English
are French in origin. Linguist Henriette
Walter claims that this total may be as
high as two thirds. Linguist Anthony
Lacoudre has estimated that over 40,000
English words come directly from French.



Step 2: synthetic labels generation

Retrieved passage

Influence of French on English. The most
notable influence of French on English has
been its extensive contribution to the
English lexicon. It has been estimated that
about a third of the words in English are
French in origin. Lingquist Henriette \Walter
claims that this total may be as high as two
thirds. Linguist Anthony Lacoudre has
estimated that over 40,000 English words
come directly from French.

Labelled passage

Influence of French on English. The most
notable influence of French on English has
been its extensive contribution to the
English lexicon. It has been estimated that
about a third of the words in English are

W LLama3-8b

Data labeler LLM

French in origin. Linguist Henriette \Walter
claims that this total may be as high as two
thirds. Linguist Anthony Lacoudre has
estimated that over 40,000 English words
come directly from French.

How many French
words are there in
English?

Train
question



Step 3: training Provence

We tune a DeBERTa model on a sequence labeling task:

Per-token binary mask 1s for the tokens of
T — 2 —
0 0 1 1 1 0O O 0 ¢=-=-=-=- relevant sentences and

Os for all other tokens

T Pttt

How many ... Influ ence of ... The most...

Question Sentence 1 Sentence 2....



Useful properties of Provence architecture (1)

* Provence encodes all the sentences and the question together,
to better understand which sentences to keep

* |n contrast, prior works process sentences independently one-by-one,
losing their context and making errors in context pruning

Question: Can you eat pumpkin every day?

These sentences are unclear
without the preceding sentences,
l.e. that it is about pumpkin

Retrieved Pumpkin 1s at 1ts peak in the fall. Eating

context: pumpkin every day can help reduce inflammation,
strengthen your immune system and promote eye
health. It may also help lower blood pressure.

However, if you eat too much, you may experience = :
diarrhea from a high dose of fiber. Read on to rovence encodes all sentences

learn all about pumpkin’s nutrition and health and the question together,
benefits. to better understand which

sentences to keep




Useful properties of Provence architecture (2)

* Provence dynamically determines how many sentences to keep
for each question-context pair

* |n contrast, prior works select a fixed number of sentences

Context: Possible questions: # relevant sentences:
Pumpkin is at its peak in the fall. Eating Can you eat pumpkin ___, 3relevant
pumpkin every day can help reduce inflammation, every day? sentences
strengthen your immune system and promote eye

health. It may also help lower blood pressure. When 1s the pumpkin 1 relevant
However, i1f you eat too much, you may experience season? ~ sentence
diarrhea from a high dose of fiber. Read on to

learn all about pumpkin’s nutrition and health Which vitamins does __, Orelevant
benefits. pumpkin contain? sentences

Provence automatically detects how many sentences are relevant



Useful properties of Provence architecture (3)

* Provence is efficient, due to the extractive task formulation and compact base model

* |n contrast, prior approaches often rely on billion-size models or
generate the pruned context autoregressively



Useful properties of Provence architecture (3)

* Provence is efficient, due to the extractive task formulation and compact base model

* |n contrast, prior approaches often rely on billion-size models or
generate the pruned context autoregressively

| et's make Provence
even more efticient,
.e. almost zero-cost!



A more detailed RAG pipeline

User
Question

e fast, but less precise
first stage of retrieval

SCOre

N

retriever retriever

T T

guestion context

at inference, only need to
encode a query — fast
(contexts are pre-encoded)

(3) generation,

(2) Reranking e.q. with an LLM > Response
\ J
slower, but more precise
second stage of retrieval
score
Same architecture as Provence!
question  context | \We propose to augment a reranker, an
at inference. need to already existing part of the RAG pipeline,

encode each context with context pruning capabilities!
with a query — slower




Context pruning & reranking in a single model

Rerank score Per-token binary mask * |n addition to the reranking head,
7575“ 0 we add a second prediction head
for context pruning

1 1 1 0 0

e Start from a pretrained reranker and
tune It with a two-task objective

11 Tt

[BOS] How many ... Influ ence of ... The most... * Augmenting reranker with

Question Sentence 1 Sentence 2....

context pruning does not hurt
reranking performance!

Since we are reusing the forward pass of reranking,

context pruning comes at almost zero cost!




Vlain results

Natural Questions (wiki)

compression rate %

compression rate %

Provence consistently outperforms other approaches, in all domains, and stays on the Pareto front.
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Provence is the only model that performs context pruning with little-to-no drop in performance



Pruning and Reranking Of retrieVEd relevaNt ContEXxts

* An approach for training an adaptable, robust, and efficient (zero-cost!) context pruner,
ready to be used out-of-the-box for any QA domain and any LLM

* Key ingredients of the approach:
* formulating context pruning as sequence labeling
* unifying context pruning and reranking in a single model
e training on diverse data

* Provence enables state-of-the-art context pruning,
with little-to-no performance drop across various domains

Model: https://huggingface.co/naver/provence-reranker-debertav3-v
Blog: https://huggingface.co/blog/nadiinchi/provence

Code: https://github.com/naver/bergen/tree/main/scripts/provence



