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Motivation

LLM can process long input RAG retrieves only relevant
but is computationally segments but often yields
intensive and inefficient. inferior results recently.

Recent methods employ LLM to iteratively summarize text into a
tree to capture the global context while leveraging RAG to retrieve
detailed information.

However, they underutilize LLM capabilities and either incur high
computational costs or inferior performance.

In this paper, we want to combine the high accuracy of LLMs with
the efficiency of RAG.



Our method

* In this paper, we combine the high accuracy of LLMs with the
efficiency of RAG and propose LLM-Guided Dynamic Progress Control
with Attention-Based Hierarchical Weighted Graph (PECAN).

* (1) LLM-Guided Dynamic Progress Control: We leverage LLMs to
dynamically control the retrieval process, adjusting the amount of
retrieved information based on different queries to achieve a better

balance of effectiveness and efficiency.

 (2) Attention-Guided Retrieval: We propose a novel retrieval method
that constructs a hierarchical graph where edges are derived by LLM
attention weights.



Overview

PECAN consists of two main steps:

* Attention Graph Construction: we utilize the LLM’s attention weights
to build a Hierarchical Weighted Directed Acyclic Graph (HWDAG) from
documents. This is a one-time preprocessing step for each document,
after which it can be reused for any query to that document

* Dynamic Graph Search: we dynamically control the volume of
retrieved nodes and perform a search guided by the LLM.



Attention Graph Construction

* We iteratively summarize nodes to obtain the higher-level nodes.

e Each node typically summarizing one or a few events.

* The edge weights are derived from the LLM’s attention during summarization.
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SpongeBob SquarePants is an American animated television series created by Stephen
Hillenburg for Nickelodeon.

“SpongeBob SquarePants”is set in the fictional underwater city of Bikini Bottom and
centers on the adventures of SpongeBob SquarePants, an anthropomorphic sea sponge.

American animated television series "SpongeBob SquarePants" ... an anthropomorphic
sea sponge named SpongeBob SquarePants, attempting to get a job at a local restaurant
called the Krusty Krab. However, he is tasked to find a seemingly non-existent ...

"SpongeBob SquarePants" is an American animated television series created by marine
biologist and animator Stephen Hillenburg ... centers on the adventures of SpongeBob
SquarePants, an over-optimistic sea sponge that annoys other characters...

"SpongeBob SquarePants" chronicles the adventures and endeavors of the title
character and his various friends in the fictional underwater city of Bikini Bottom ...
show originated in an unpublished, educational comic book ...



Dynamic Graph Search
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NarrativeQA Qasper

. Method
E X p e rl m e n t S F1 ROUGE-L TFLOPs Ratio F1 ROUGE-L TFLOPs Ratio
BM25 Top-5 527 518 267  0.86x 410  39.6 263  0.39x
SBERT Top-5 365 358 268  0.86x 444 424 260  0.39x
Dragon Top-5 538 529 269  087x 430 414 245  0.36x
MeMWalker 11.2 9.8 353.8  1141x 390 368 1239  1.85x
]
We conduct RAPTORTT 406 398 203 o6 421 401 177 026
- RAPTOR-CT Top-5 48.6 4738 179  0.58x 446 427 166  0.25x
experimen ts of LongLLMLingua 505  49.5 1789.4  5772x 432 430 1597  2.39x
b F d BM25 Top-X 537 529 37.5 121x 470  45. 69.3  1.04x
dasellnes an SBERT Top-X 395 388 375 121x 466 445 689  1.03x
Dragon Top-X 551 542 37.5 121x 469 448 67.0  1.00x
PECAN on RAPTOR-CT Top-X 520 512 35.1 113 469 447 673  1.0lx
N i Q A Llama-3.1-8B 537 526 3361.9 10845x 494 476 925  1.38x
arrative ’ PECAN 611 602 31.0 1.00x 497 479 669  1.00x
Qasper, HotpotQA, Method HotpotQA MuSiQue
: F1I ROUGE-L TFLOPs Ratio F1 ROUGE-L TFLOPs Ratio
and MuSiQue.
BM25 Top-5 408 409 22.9 143x 287 287 263  0.85x
, SBERT Top-5 409 408 22.6 141x 307 308 261  0.84x
e \We include a To p—X Dragon Top-5 397 396 233 146x 285 284 281  091x
_ MeMWalker 39.7 389 934  584x 240 235 1757  5.69x
settin g to match the RAPTOR-TT 386 385 8.4 0.53x 293 293 126 0.41x
RAPTOR-CT Top-5 409 404 153  096x 315 315 161  0.52x
TFLOPs Of PECAN LongLLMLingua  43.4 435 43.6 2.73x 345 34.4 789  2.55x
. BM25 Top-X 407 408 20.0 125x 318 317 356  1.15x
for a fair SBERT Top-X 408 407 19.6 123x 325 325 356  1.15x
) Dragon Top-X 392 39.1 20.6 129x 302 301 380  1.23x
moarison. RAPTOR-CT Top-X 407 407 17.9 1.12x 354 352 322 1.04x
compariso Llama-3.1-8B 413 412 23.7 148x 358 357 406  131x

PECAN 43.5 43.5 16.0 1.00x  36.9 36.8 30.9 1.00x




Dynamic Retrieval Analysis
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Inference with Smaller Models

* We further investigate whether the effectiveness-efficiency tradeoff
can be improved when the model used for graph search is smaller
than the one used for graph construction.

* We experiment with combinations of of 8B, 1B, and 3B.

Graph Construction Graph Search NarrativeQA Qasper HotpotQA MuSiQue

Llama-3.1-8B Llama-3.1-8B 61.1 49.7 43.5 36.9
Llama-3.2-3B Llama-3.2-3B 56.7 47.6 40.0 29.8
Llama-3.1-8B Llama-3.2-3B 60.6 49.6 40.8 31.3
Llama-3.2-1B Llama-3.2-1B 28.8 33.5 27.5 15.3

Llama-3.1-8B Llama-3.2-1B 41.8 37.2 28.5 15.6




Thank you!
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