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#paper-of-the-day

" Huigiang Jiang, et al. (Microsoft) “LLMLingua: Accelerating and Enhancing LLMs
in Long Context Scenarios via Prompt Compression” (EMNLP 2023)
a Microsoft LLMLingua: Compressing Prompts for Accelerated
Inference of Large Language Models

( N ( B

Original Prompt LLMLingua Black-box LLMs

Instruction: Follow the given examples @

and answer the question. A\

Demonstration 1: Q: In a certain I Budget |
Controller

1000 students? Let's think step by step
The students are divided into 3+2=5
Each part represents 1000/5 =200
students. So, there are 3 x 200 = 600
males. And there are 2 x 200 = 400.
...basketball is 520/1000 * 100 = 52.
The answer is 52.

Demonstration 2:

school, 2/3 of the male students like to
0 Distribution / Il Compressed
Alignment / Prompt Execution
/ |

play basketball, .... What percent of the
4 N\

population of the school do not like to
play basketball if the ratio of the male to

Compressed Prompt
: Sam bought a dozen boxes each 30

female students is 3:2 and there are

highl pens inside, $10 each. ... thelters
separately at the of three $2. much make
total\nLets think step\nbought boxes x0
ofters\nHe 2 3ters n\nSam then boxes
6lters/box Oters\nHe sold these boxes

Demonstration 8: Q: Sam bought a
dozen boxes, each with 30 highlighter

pens inside,... The answer is 115. II Iterative Token- S\nAfterelling these boxes there
Question: Janet’s ducks lay 16 eggs per Level Prompt 36030lers\nesioo of three\nsold groups2
day..... How much in dollars does she Compression each so made *2 $20 fominln total,
make every day at the farmers' market? he015\nSince his he $ - $120 = $115 in
profit\nThe answer is 115
L 2366 tokens L ) L 117 tokens )

Figure 1: Framework of the proposed approach LLMLingua.

https://aka.ms/LLMLingua

SHOFL| O}l Natural Language Processing Lab.,
b s Hanyang University.

Now you can use
LLMLingua!

A simple and efficient method to

compress prompt up to 20x.

¢ Saving cost, not only prompt,
but also the generation length;

5" Support longer contexts;

- Robustness, no need any
training for the LLMs;
S Keeping the original prompt
knowledge like ICL, reasoning, etc.
= KV-Cache compression,
speedup inference;
"% GPT-4 canrecovery all key

information from compressed
prompt.



#paper-of-the-day

> Huigiang Jiang, et al. (Microsoft Research) “LongLLMLingua: Accelerating and
Enhancing LLMs in Long Context Scenarios via Prompt Compression” (ICLR2024 -ing)

8 Microsoft LongLLMLingua: Accelerating and Enhancing LLMs in
Long Context Scenarios via Prompt Compression

The main ideas involve compressing the prompt in a 75 & o
two-stage process, as shown by the red line, which is a
significant improvement over the original curve: ® @

~
S

» Coarse-grained compression through document-level
perplexity

» Fine-grained compression of the remaining text using
token perplexity

Accuracy(%)
o
W

(&)
)

®== Original

Instead of fighting against the positional effects, we o LongLLMLingua
7. s w/o Reorder (4x)
attempt to utilize them to our advantage through
33 LongL.LMLingua (4x)

document reordering, as illustrated by the green
line. In this mann.er, .the most critical passages are 1st 5th 10th 15th 20th
placed at the beginning and the end of the context.
Moreover, the entire process becomes more cost-
effective and faster since it only requires handling 1/4 of
the original context.

Position of Document with the Answer

(b) Performance v.s. Key Information Position

it //aka. ms/LLMLineua @, LongLLMLingua: Enhancing LLM's Perception of Key Information

StOFLjTt Il Natural Language P.roce.f,sing Lab., .
HANYANG UNIVERSITY Hanyang UnlverSIty.
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What are Covered in this Presentation

- Details of (Long)LLMLingua

- LLMLingua : Huigiang Jiang, Qianhui Wu, Chin-Yew Lin, Yuging Yang, Lili Qiu.
"LLMLingua: Compressing Prompts for Accelerated Inference of Large
Language Models." (EMNLP2023)

- LongLLMLingua : Huigiang Jiang, Qianhui Wu, Xufang Luo, Dongsheng Li, Chin-
Yew Lin, Yuging Yang, Lili Qiu. " LongLLMLingua: Accelerating and Enhancing
LLMs in Long Context Scenarios via Prompt Compression." (ICLR2023
submitted)

« Intuitive concepts of predecessors

- Selective Context:

- Yucheng Li (University of Surrey) "Unlocking Context Constraints of LLMs: Enhancing
Context Efficiency of LLMs with Self-Information-Based Content Filtering."

- Yucheng Li, Bo Dong, Chenghua Lin, Frank Guerin (University of Surrey) “Compressing
Context to Enhance Inference Efficiency of Large Language Models” (EMNLP 2023)

Natural Language Processing Lab.,
Hanyang University.




1. Pre-Requisites

- Perplexity




Pre-Requisites

 Perplexity (PPL)

- Perplexity measures the uncertainty of a LM in predicting the next token.

- Entropy represents the level of disorder or uncertainty within the model's
predictions.

- Tokens with lower PPL contribute less to overall entropy, implying more predictable
choices.

- Lower PPL indicates higher prediction confidence.
- Itis defined as the exponentiated average negative log-likelihood of a sequence
of words.
- Normalized inverse probability of the test set

1
( ) \N\ 1 )
PPL(W) = P Wy, Wy, ..., Wy N =
- L P(WilWl, W, "'JWi—l)
overall probability of the word sequence ¢ =1

N conditional probability of word wj
given all the preceding words wy, wy, ..., Wj_1

Natural Language Processing Lab.,
Hanyang University.




2. Background

- Selective-context

- Problem formulation




Background

 Introduction

- ChatGPT is good at following instructions, but to make it perform better,
various prompt techniques such as CoT, ICL, RAG, etc., are used.

- The computing cost of LLMs and the size of the prompt significantly impact
performance.

ChatGPT, GPT-4, Bard, Gemini, etc.

P uawr Y

Quantization
wh
— \ (Large Foundation Models) 4 —
: \ Distillation
. \
Proprietary LLMs PEFT

*  ONLY applicable when there is access to the model's parameters
* NOT applicable to black-box LLMs, which only provide APl access

SHOFL| O}l Natural Language Processing Lab.,
b s Hanyang University.




Background

« Introduction
- ChatGPT is good at following instructions, but to make it perform better,
various prompt techniques such as CoT, ICL, RAG, etc., are used.

- The computing cost of LLMs and the size of the prompt significantly impact

performance.
- Some attempts to optimize inference costs in terms of input prompts

*  Reduce the length of the prompt by keeping only the necessary parts |
*  Task-specific, it needs to be tuned for each task

P uawr Y

ChatGPT, GPT-4, Bard, Gemini, etc.
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— \ (Large Foundation Models) 4 —
: \ Distillation
. \
Proprietary LLMs PEFT

*  ONLY applicable when there is access to the model's parameters
* NOT applicable to black-box LLMs, which only provide APl access

SHOFL| O}l Natural Language Processing Lab., o
i Hanyang University.




Background

« Introduction
- ChatGPT is good at following instructions, but to make it perform better,
various prompt techniques such as CoT, ICL, RAG, etc., are used.

- The computing cost of LLMs and the size of the prompt significantly impact

performance.
- Some attempts to optimize inference costs in terms of input prompts.

*  Reduce the length of the prompt by keeping only the necessary parts |
*  Task-specific, it needs to be tuned for each task

P uawr Y

ChatGPT, GPT-4, Bard, Gemini, etc.

- Quiisir
— \ (Large Foundation Models) 4 —
: \ Distillation
Compression * Propr. letqu LLMs PEFT

*  ONLY applicable when there is access to the model's parameters
* NOT applicable to black-box LLMs, which only provide APl access

SHOFL| O}l Natural Language Processing Lab., 0
i Hanyang University.




Background

« Related Work ~ Compression

Premise: Natural language prompts are redundant.
No gradient flow is preferred.
- Selective context (Li et al. EMNLP 2023)
Use sLLMs to calculate the lexical unit information of a prompt.

Self-information (based on entropy) [(z;) = — logy P(x;|zo, 1, ..., Ti—1)

Delete tokens with less information to compress the prompt.

Original: INTRODUCTION Continual Learning ( €L } ; -also known -as LifelongLearning ; s
a promising learning paradigm to design models -that have to -learr how to -perform -multipletasks
across-different-environments over-theirlifetime—{ To uniform the language and enhance-thereadability

-of the-paper-we adopt the unique term continual learning €£L+-4-Ideal CL models in-the-reaiworld
should -be deal -with domain shifts ; researchers -have recently started #o sample tasks fromt
two different datasets - For instance; proposed to train and evaluate a+#odel on Imagenet first -and
-therr challenge -its-performance -omn -the Places365 -dataset - considers more scenarios ; starting -with
Imagenet or Places365 ;-and then-moving -onte the VOC/CUB/Scenes datasets - Few works propose
more advanced scenarios built-e# top-ef more than two datasets-

Filtered: INTRODUCTION Continual Learning ( a promising learning paradigm to design models
have to how across overTo uniform the language and enhance adopt the unique term continual learning
Ideal CL models in should deal domain shifts researchers recently started sample tasks
two different datasets For instance proposed to train and evaluate on Imagenet first challenge
Places365 considers more scenarios starting Imagenet or Places365 the VOC/CUB/Scenes datasets Few
works propose more advanced scenarios built top more than two datasets

Figure 2: A visualisation of selective context. Darker colour indicates larger value of self-information.

StOFLjTt Il Natural Language P.roce.f,sing Lab.,
HANYANG UNIVERSITY Hanyang Unlver‘SIty.




Brief Introduction

« In terms of information theory,
tokens with low PPL contribute minimally to the overall entropy of a LM.

« Coarse-to-fine Prompt Compression Method

- Budget controller
- ITPC (Iterative Token-level Prompt Compression)
- Distribution Alignment

Natural Language Processing Lab.,

. . 13
Hanyang University.




Problem Formulation

« Notation

Original prompt
x = (xins’ xdeoms’xque)

Compressed prompt
¥ = {%}iy
Length
[ = [Ins 4 jdeoms 4 jque

Compression ratio

T =

t~| =

(The smaller 7, the lower inference cost)

X as input to LLM should produce
results similar to those produced
by taking x as input.

min KL (P (Xg|%), P (x¢|x))
X,T

Natural Language Processing Lab.,
Hanyang University.

A prompt compression system is designed to gen-

erate a compressed prompt T {x,}L from

a given or1g1nal prompt * = (ar:“ls derns, B E),
ins dems

where '™ = {x“‘s}lL L dems = {xfems} ™ and

z® = {x]*}L" denote the instruction, demon-
strations, and the question in the original prompt
&. L, Lins, Laems, and Lqy. represent the numbers
of tokens in Z, '™, 2™ and xdve, respectively.
Let L = Liys + Ldems + Lque denote the total se-
quence length of x, the compression rate is defined
a5 T = Z/ L, T € [0, 1], and the compression ratio
is 1/7. A smaller value of 7 implies a lower infer-
ence cost, which is preferable. Let s represent
the LLM-generated results derived by x and xg
denotes the tokens derived by @, the distribution of
Z g is expected to be as similar to x as possible.

This can be formulated as:

min KL(P(Zc|®), P(xc|w)), (D

14



3. Suggestion

LLMLingua

1) Budget controller
2)ITPC

3) Distribution Alignment




Framework of LLMLingua

5 Microsoft LLMLingua: Compressing Prompts for Accelerated
Inference of Large Language Models

Original Prompt

Instruction: Follow the given examples
and answer the question.
Demonstration 1: Q: In a certain
school, 2/3 of the male students lke to
play basketball, .... What percent of the
population of the school do not like to
play basketball if the ratio of the male to
female students is 32 and there are
1000 students? Let's think step by step
The students are divided into 3+2=5
Each part represents 1000/5 =200
students. So, there are 3 x 200 = 600
males. And there are 2 x 200 = 400.
...basketball is 520/1000 * 100 = 52.
The answer is 52.

Demonstration 2:

Demonstration 8: Q: Sam bought a
dozen boxes, each with 30 highlighter
pens inside,... The answer is 115.
Question: Janet’s ducks lay 16 eggs per
day..... How much in dollars does she
make every day at the farmers' market?

\.

4 '

r

2366 tokens )

-

LLMLingua

I Budget
Controller

II Iterative Token-
Level Prompt
Compression

0 Distribution
Alignment

// [ III Compressed

>

Black-box LLMs

G A
-

Prompt Execution J

Compressed Prompt

: Sam bought a dozen boxes each 30
highl pens inside, $10 each. ... thelters
separately at the of three $2. much make
total\nLets think step\nbought boxes x0
ofiters\nHe 2 3ters innSam then boxes
6lters/box Oters\nHe sold these boxes
S\nAfterelling these boxes there
36030kters\nese00 of three\nsold groups2
each so made *2 $20 from\nln total,
he015\nSince his he $ - $120 = $115 in
profit\nThe answer is 115

117 tokens

. >

Figure 1: Framework of the proposed approach LLMLingua.

https://aka.ms/LLMLingua

EI Y' [ oo
HANYANG UNIVERSITY

Natural Language Processing Lab.,

Hanyang University.

Now you can use
LLMLingua!

A simple and efficient method to

compress prompt up to 20x.

¢ Saving cost, not only prompt,
but also the generation length;

5 Support longer contexts;

Robustness, no need any

training for the LLMs;

S Keeping the original prompt
knowledge like ICL, reasoning, etc.
= KV-Cache compression,
speedup inference;

"% GPT-4 canrecovery all key

information from compressed
prompt.

16



Framework of LLMLingua

Original prompt
2366-token Step 1.

Instruction: Follow the given examples

and answer the question. g

Demonstration 1: Q: In a certain BUd et Controu'er
school, 2/3 of the male students like to

play basketball, .... What percent of the

population of the school do not like to
play basketball if the ratio of the male to Step 2.

formalo students s 32 and there are » calculate where

iggosiﬁﬂexs ;elﬁt;:ﬂ‘::km:wg ?’25:% and how much to ITPC

Each part represents 1000/5 =200

i s 0 0. reduce « Iterative Token-
ey * demonstration level Prompt ke
Demonstration 2: . . =
compression

Demonstration 8: Q: Sam bought a p Com preSS|on : Sam bought a dozen boxes each 30

dozen boxes, each with 30 highlighter highl pens inside, $10 each. ... thelters
pens inside,... The answer is 115. separately at the of three $2. much make

Question: Janet’s ducks lay 16 eggs per total\nLets think step\nbought boxes x0
day..... How much in dollars does she ofters\nHe 2 3ters n\nSam then boxes

make every day at the farmers' market? 6lters/box Oters\nHe sold these boxes

Compressed prompt

Black-box LLM
:GPT-3.5-Turbo, Claude-v1.3

BHoF ot Natural Language Processing Lab., s
;Tnmm uun;;snv Hanyang UniVerSity.




Framework of LLMLingua

Original prompt
2366-token

Step 1. D
Budget controller N

.coarse compression

Step 2.
 calculate where

and how much to ITPC

reduce * Iterative Token-
* demonstration level Prompt

compression Compression

H s; l | SrE ot ul
HANYANG UNIVERSITY

Black-box LLM
:GPT-3.5-Turbo, Claude-v1.3

Natural Language Processing Lab.,
Hanyang University.

Module )
Model )
Output | B

\/j : fine compression

Compressed prompt

117-token

: Sam bought a dozen boxes each 30
highl pens inside, $10 each. ... thelters
separately at the of three $2. much make
total\nLets think step\nbought boxes x0
ofiters\nHe 2 3ters m\nSam then boxes
6lters/box Oters\nHe sold these boxes

18



1) Budget Controller

« Demonstration -level compression + At per each component

1. Demonstration-level compression

- Maintain critical information:
instruction and question

- Allocate a larger portion of the
budget to preserve the essence
of 'Instruction' and 'Question’.

- Reduce redundancy in
'Demonstration’ sections to
economize space.

2. Sentence -level compression

- When a high compression ratio is
required, token-level dropout risks
excessive loss of semantic
information; granularity concern

- Implement sentence-level dropout
as a preliminary measure.

EI Y' [ oo
HANYANG UNIVERSITY

Algorithm 1 Pseudo code of Budget Controller.

Input: A small language model Mjy; the original prompt

x=(x

i

5:
6:
7.
8

9:

10:
11:
12:

ins ,,dems ue
, T , 2d°),

Set the selected demonstration set D = ¢.
Get demonstration compression rate Tgem by Eq.(2).
Calculate the perplexity of each demonstration via M.

Rank all demonstrations in descending order of their per-

plexity as a list (:c‘(i‘;")n, - m‘(ile\r;i), where N is the number

of demonstrations, cc‘(i:’;n is the i-th demonstration.
fori=1do

if LD > k . TdemsLdems thell

Break.

end if

Append :c‘(i:.’)m to D.

i=i+1
end for .
Allocate remaining budget to ™ and x9"° via Eq. (3).

Output: The subset of demonstrations 9 obtained from
coarse-grained compression; Additional budget ATjyg que for
the instruction and the question.

Natural Language Processing Lab.,
Hanyang University.

19



1) Budget Controller

« Derive compression ratio for demonstrations for each component

1. Demonstration-level compression

- Maintain critical information:
instruction and question

- Allocate a larger portion of the Tdems =
budget to preserve the essence Lems
of 'Instruction' and 'Question’.

- Reduce redundancy in
'Demonstration’ sections to
economize space.

TL — (TinsLins + TqueLque)

Derive compression ratio for demonstrations A

2. Sentence -level compression

- When a high compression ratio is T
: & P . k - TgemsLdems — LD
required, token-level dropout risks AT = ,
excessive loss of semantic Lins + Lque
information; granularity concern

Adjust compression ratios for instruction and guestion A

- Implement sentence-level dropout
as a preliminary measure.

Natural Language Processing Lab.,
Hanyang University.

20




2) Iterative Token-level Prompt Compression

« ITPC; Token-level Compression

- The intrinsic limitation to utilize perplexity: independent assumption; similar to
shortcomings of MLM

Demonstration-level compressed prompt

L L
@ = | [z ~paD = | [peul 2 7
i=1 =1

- Divide Prompt into segments and calculate PPL in those segments (preserving
inter-dependencies)

. e
Z{c Lgk Lg, j+2{c Lsk

p(5) = ‘ ‘ (3] 3j<i5<j) = ‘ ‘ p(5),iSj,<i» <i)

Divide promptinto segments i=1 i=1 i-thtokenin j-thsegment

Natural Language Processing Lab.,
Hanyang University.

21




2) Iterative Token-level Prompt Compression

« ITPC; Token-level Compression

1. Getthe conditional probabilities  Algorithm 2 Pseudo code of Iterative Token-level

(PPL distribution) Prompt Compression (ITPC).
2. Get dyn amic threshold for Input: A small language model M; the prompt from budget
. ) controller &’ = (', x?D, x99°); target compression rater,

segme ntcom pression ratio adjusted compression rate ATips, que-

1: Set the selected token set 7 = ¢

_ e ins : Get segment set S.
Tins + AT, lf'SJ from 2™, :fori=1,2,...,mdo
Ts. = Tdoms,  if s; from :I)D Get the conditional probabilities p(s;) via Eq.(5)
J b b

Tque + AT, if s; from xve, dAfppend the compressed token to 7~ via Eq.(7).
: end for

: Concatenate all tokens in 7~ as .
| Output: The compressed prompt Z.

2
3
4
S: Get the compression threshold y; with Eq. (6).
6
7
8

s ={sjilp(s;i) >vj}

Original prompt .
g p p D . coarse compression

2366-token Step 1. ——:/

Budget controller Step 2. T - fine compression
Demonstration ITPC —1/

) Compressed prompt

BLOFLY B 1l Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerS|ty.




3) Distribution Alighment

« Instruction tuning M

parameters of sLLM 3/

1
min E NZL (Xi,Yi,LLM;oMs) ’

- Begin with a pre-trained small language model M
- Utilize datasets generated by a LLM to perform instruction tuning on M
- Minimize the expected value of the loss function

Original prompt Compressed prompt
2366-token ) 117-token |

Natural Language Processing Lab.,
Hanyang University.




4, Effect

- Experiment

- Discussion




Experiments

« Datasets

PN T
ICL, reasonin Conversation\

/ N8\ /

| GSM8K
ShareGPT

\ N
N

N

T
Summarization

[ \
I

N

BLEU, ROUGE

- Baseline Models - Baseline Methods
- Target LLMs - GPT4-Genereation
: GPT-3.5-Turbo,Claude-v1.3 - Random Selection
- SLLMs (M): Alpaca-7B,GPT2-Aplaca _ Selective-Context
- Hyperparameters

-k =2,Tins = 0.85, 7gye = 0.9
* k: granular control coefficient

- ITPC #(segment) = 100

Natural Language Processing Lab.,
Hanyang University.
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Experiments - ICL & Reasoning

« Summary: iy ‘ GSMSK BBH
ethods
. EM Tokens 1/t ’ EM Tokens 1/t
- Increased overall difference —_—— 7885 2366 - |1007 T4 -
- Best score in all experiments I-shot constraint
1-shot 7710 | 422 6x [69.60 284 3x
. Selective-Context | 53.98 = 452  5x |54.27 276 3x
» Details GPT4 Generation | 71.87 = 496 5x [27.13 260 3x
, Ours 79.08 446  5x |70.11 288 3x
- Aslight performance drop half-shot constraint
when compression ratios were Sentence Selection | 7233 | 230  10x [39.56 175 4x
increased (1/2—shot or 1/4-Sh0t) Selective-Context | 52.99 218 11x [54.02 155 5x
GPT4 Generation | 68.61 @223 11x [27.09 161 5x
- GSM8K EM scores on 14x and 20x Ours 7741 171 14x |61.60 171 5x
dropped by 1.44 and 1.52 quarter-shot constraint
respectively. Sentence Selection | 66.67 &= 195 12x [46.00 109 7x
Selective-Context | 44.20 = 157 15x |47.37 108 7x
- The performance of GPT4 Generation | 56.33 | 188 20x |26.81 101 8x
selective-context is generally poor. | Ours 7733 117 20x |56.85 110 7x
< e zero-shot 48757 11 215x(32.32 16 48x
- By limiting the prompt to phrase- Simple Prompt | 749 | 691  3x | - o

level compression, it may discard
some of the important reasoning Table 2: Performance of different methods under differ-

information in some cases. ent target compression ratios on the GSM8K mathemati-

cal reasoning and Big-bench Hard (BBH) datasets. "We

HYUM Natural Langua also include the instruction of the prompt in zero-shot
Hanyani experiments for a vertical comparison.



Experiments - Dialogue / Summarization

Mathods ShareGPT Arxiv-March23

BLEU Rougel Rouge2 RougeL. BS F1 Tokens 1/7 |BLEU Rougel Rouge2 RougeL BS F1 Tokens 1/t
Constraint I 2x constraint 350 tokens constraint
Sentence Selection | 28.59 46.11 31.07 3794 88.64 388 1.5x|22.77 50.1 2593 33.63 8821 379 4x
Selective-Context | 2542 46.47 29.09 3699 88.92 307 1.9x!'21.41 513 2794 36.73 89.60 356 4x
Ours 27.36 48.87 30.32 38,55 89.52 304 19x 2315 5421 32.66 4274 90.33 345 4x
Constraint I1 3x constraint 175 tokens constraint
Sentence Selection| 18.94 35.17 1896 26.75 85.63 255 2.3x| 1241 3891 1425 2672 87.09 229 7x
Selective-Context | 15.79 3842 20.55 28.89 87.12 180 3.3x 12.23 4247 1948 2947 88.16 185 8x
Ours 19.55 40.81 22.68 3098 87.70 177 3.3x|1345 4436 24.86 3494 89.03 176 9x

Table 1: Performance of different methods under different target compression ratios on the conversation (ShareGPT)

and summarization (Arxiv-March23) task.

EI Y' [ oo
HANYANG UNIVERSITY

Natural Language Processing Lab.,
Hanyang University.



Discussion

EM Tokens 1/7 EM Tokens 1/7
Ours in 1-shot constraint 83.51 439 5x Ours with GPT2 in 1-shot constraint 77.02 447 5x
Ours in half-shot constraint 82.61 171 14x Ours with GPT2 in half-shot constraint 76.42 173 14x
Simple Prompt 81.8 691 3x Ours with GPT2 in quarter-shot constraint 76.27 128 18x

Table 4: Ours method on GSM8K using Claude-v1.3. Table 5: Our method on GSM8K with GPT2-Alpaca as
the small language model.

« (Table 3) Ablation study on GSM8K

EM Tokens 1/t

Ours 79.08 439 S5x
o (T able 4) Same trend fo r other - w/o Iterative Token-level Prompt Compression 72.93 453  5x
. - w/o Budget Controller 73.62 486 5x
mOdelS b@SldeS GPT'35‘TU rbO - w/o Dynamic Compression Ratio 7726 457 5x
- w/ Random Selection in Budget Controller 72.78 477 5x
- w/o Distribution Alignment 78.62 452 5x
o (Tab[e 5) This doesn't seem to work - w/ Remove Stop Words 76.27 1,882 1.3x

as well for smaller models like the

Table 3: Ablation study on GSM8K in 1-shot constraint.
GPT-2(1.5B).

Natural Language Processing Lab.,

Hanyang University. 28




Discussion

Original prompt Compressed prompt
2366-token ) 117-token ‘

9-step reasoning 9-step reasoning(!)

« (Appendix E) When querying LLM with a compressed prompt that was
barely recognizable to humans, LLM generate a multi-step by step answer
just like the original!

Natural Language Processing Lab.,

. . 29
Hanyang University.




Discussion

=007 4 Fe= GSMSK

z 4= BBH

— | A e ShareGPT

8300 A » ° Arxiv Cc = (L+kL/T+L/T) 'Csma]]'l"L/T'CLLMs,

2

£200- N 1/t Ix 2x 5x 10x

§ - S End-to-End w/o LLMLingua 8.6 - - -

& 1001 - End-to-End w/ LLMLingua - 4.9(1.7x) 2.3(3.3x) 1.3(5.7x)
I ° l I LLMLingua - 0.8 0.3 0.2
5 10 15 20

Compression Ratio

Table 6: Latency (s) comparison on GSMS8K.

Figure 2: The distribution of generated token lengths at
varying compression ratios (1/7).

o (Figure 2) the relationship between the compression ratioA and the length
of the generated textV¥W

« (Table 6) Latency Efficiency

Natural Language Processing Lab.,

. . 30
Hanyang University.




Discussion

- Recovering the Compressed Prompt using LLMs (GPT-4)

- LLM effectively understands the semantic information in the compressed
prompt and restores it appropriately. (Even if humans can’t)

- How much GPT-4 recovers depends on the compression ratio and whether it
uses a sLLM.

- Alpaca-7B restored the complete 9-step reasoning process, while GPT2-Alpaca
only restored 7-step reasoning, with errors.

Compressed Prompt:

: Sam bought a dozen boxes each 30 highl pens inside, $10 each. He reanged five of boxes into of
six each $3 per. He sold the thelters separately at the of three $2. much make total,

Lets think step

bought boxes x0 oflters

He 2 3ters in

Sam then boxes 6lters/box Oters

He sold these boxes 5

Afterelling these boxes there 36030lters
ese(0 of three

sold groups2 each so made *2 $20 from
In total, he015

Since his he $ - $120 = $115 in profit.
The answer is 115

BLOFLY B 1l Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang Uaner$|ty.




Discussion

- Recovering the Compressed Prompt using LLMs (GPT-4)

- LLM effectively understands the semantic information in the compressed
prompt and restores it appropriately. (Even if humans can’t)

- How much GPT-4 recovers depends on the compression ratio and whether it

uses a SLLM.

- Alpaca-7B restored the complete 9-step reasoning process, while GPT2-Alpaca
only restored 7-step reasoning, with errors.

Original Prompt(9-steps Chain-of-Thought):

Question: Sam bought a dozen boxes, each with 30 highlighter pens inside, for $10 each box. He
rearranged five of these boxes into packages of six highlighters each and sold them for $3 per
package. He sold the rest of the highlighters separately at the rate of three pens for $2. How much
profit did he make in total, in dollars?

Let’s think step by step

Sam bought 12 boxes x $10 = $120 worth of highlighters.

He bought 12 * 30 = 360 highlighters in total.

Sam then took 5 boxes X 6 highlighters/box = 30 highlighters.

He sold these boxes for 5 * $3 = $15

After selling these 5 boxes there were 360 - 30 = 330 highlighters remaining.
These form 330/ 3 = 110 groups of three pens.

He sold each of these groups for $2 each, so made 110 * 2 = $220 from them.
In total, then, he earned $220 + $15 = $235.

Since his original cost was $120, he earned $235 - $120 = $115 in profit.
The answer is 115

oroyTjory
HANYANG UNIVERSITY

Recovered Compressed Prompt(9-steps Chain-of-Thought):

Question: Sam purchased a dozen boxes, each containing 30 highlighter pens, for $10 each. He
rearranged five of these boxes to have six pens each and sold them for $3 per box. He then sold
the remaining highlighters individually in groups of three for $2 each. Let’s calculate the total profit.

Initially, Sam bought 12 boxes with 30 highlighters each, which equals 360 highlighters.
He spent $10 per box, so his total cost was $120.

Sam then rearranged 5 boxes to have 6 highlighters per box, which equals 30 highlighters. He sold
these boxes for $3 each, making $15.

After selling these boxes, he had 330 highlighters left (360 - 30). He sold these in groups of three,
which equals 110 groups. He sold each group for $2, making $220 from this.

In total, Sam made $235 ($15 + $220).
profit of $115 ($235 - $120).

Since his initial cost was $120, he earned a

The answer is $115.

Natural Language Processing Lab.,
Hanyang University.



5. Conclusion




Conclusion

- Developed a coarse-to-fine algorithm for prompt compression in three
modules called LLMLingua

- Budget Controller

- Iterative Token-level Compression
- Distribution Alignment

« SOTA performance on all datasets. Only 1.5 point drop with 20x
compression.

« LLMs are able to effectively restore the compressed prompts and
reduce the length of their output.

Natural Language Processing Lab.,
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6. LongLLMLingua
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Framework of LongLLMLingua

Original Prompt

Instruction: Answer the question based
on the given passages. Only give me the
answer and do not output any other
words. The following are given
passages.

Document 1: Alberic III of Dammartin
Alberic III of Dammartin (Aubry de
Dammartin) (c. 1138 — 19 September
1200) was a French count and son of
Alberic II, Count of Dammartin, and
Clémence de Bar, daughter of Reginald
I, Count of Bar...

Document 2:

Document N: Pope Agapetus II

Pope Agapetus II (died 8 November 955
was the bishop of Rome and ruler of the
Papal States from 10 May 946 to his
death. A nominee of the princeps of
Rome, Alberic II of Spoleto, his
pontificate occurred during ...
Question: Who gave the mother of
Alberic II of Spoleto the title "patricia"

of Rome?
.

( N\

LongLLMLingua

I Budget Controller
Question-aware Coarse-Grained
Compression
w/ document reordering

0 Distribution
Alignment |‘

/
= -

I \
I I

Small
Model

I1 Iterative Token-leve
Question-aware Fine-Grained
Compression
w/ dynamic compression ratio

) | Were to to discusss Rome and other

~13k tokens )

. J

Black-box LLMs

A\

/ |

/ 111 Execution with v
/ Compressed Prompt

|
Compressed Prompt

Answer the question based on the given
passages. ...Passage 4:was a Roman
noblewo who was the alleged mistress
of Pope Sergius III and was given the
unprecedented titles senatrix
("senatoress") and patricia of Rome by
Pope John X. , when Ottosys, the of and,

~

more important, were.us was to the
dispute the the of Re... Who gave the
mother of Alberic II of Spoleto the title

Subsequence
Recovery

| "patricia” of Rome? ~2k tokens

|

[ Response )

Figure 2: Framework of LongLLMLingua. Gray Italic content: As in LLMLingua.

EI Y' [ oo
HANYANG UNIVERSITY
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Framework of LongLLMLingua

Prompt | y
Original prompt Module [ )
2366-token Step 1. D )

\/ : coarse compression Model C
Budget controller Output ]

\/j : fine compression

Compressed prompt
117-token

: Sam bought a dozen boxes each 30
highl pens inside, $10 each. ... thelters
separately at the of three $2. much make
total\nLets think step\nbought boxes x0
ofiters\nHe 2 3ters in\nSam then boxes
6lters/box Oters\nHe sold these boxes

Black-box LLM
:GPT-3.5-Turbo, Claude-v1.3

oHoFIji Sty Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY H a nya ng U n IverSIty'
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Intuition (document reordering + dynamic budget)

100 A = = s ®
. 3 75 &
S \Z& 8 SN ~ 1
3 TN n O e |
g 95 ﬁﬁvzazg.,)‘»\;&’ _— 70
E " . - L e
S T — e K
B \ b 265
> 5 T
3 90 A 3
A < 60 @ Qriginal
s #== Multi-Document QA LongLLMLingua
E 35 ==#== Code Completion & == who Reorder (4x)
< & «t~ Summarization 55 @ LongLLMI ingua (4x)

1 ) 10 15 20 Ist 5th 10th 15th 20th
Document Number in the Prompt Position of Document with the Answer
(a) Performance v.s. Document Number (b) Performance v.s. Key Information Position

Figure 1: (a) LLMs’ performance in downstream tasks may decrease as the noisy information in the
prompt increases. In this case, we keep k most relevant documents/paragraphs based on the ground
truth or LonglLLMLingua r. A larger k£ implies more noise introduced into the prompt. To improve
the key information density in the prompt, we present question-aware coarse-to-fine compression.
(b) LLMs’ ability to capture the relevant information depends on their positions in the prompt. To
reduce information loss in the middle, we introduce a document reordering mechanism.

T,SOC = max(min((1 — %)57‘ + 7doc, 0),1).
d

BHoF ot Natural Language P.roce.f,smg Lab., 2
HANYANG UNIVERSITY Hanyang Unlverslty.




Intuition (query-aware)

100 ,7

V4 /
80 r 4 2
/ BM25
g 60 / Gzip
= - SBERT
Q
& 40 Opeciil
LLMLingua
LongLLMLingua ry
20 w/o restrict
=== LongLLMLingua I
0
1 5 10 15 20

Number of Retained Documents

(a) Recall Distribution

Es

v

Figure 3: (a) Comparison of recall on NaturalQuestions Multi-documemnt QA dataset. (b) Compari-
son between perplexities and contrastive perplexities of tokens in the prompt from Multi-documemnt

QA dataset. The document with the ground truth is located on the left side of the dashed line.

)

N
1 s . .
Ty = } :p(mgue,restnct|x%oc) logp(xfélue,restnctIX%QC)7 k} = {1, 2, . ,K},

i We can get the answer to this question in the given documents.

Hanyang University.
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Intuition (query-aware)

1.0 Perplexity
— Contrastive Perplexity
208
5
2
§ 0.6 1
) ‘ : ‘ ‘
o
No4 1N I |
[ | -
E I | .
2 0.2 | ‘ ‘ * ‘ 1 ||
0.0 i a0

0 1000 2000 3000
Token Position in the Prompt

(b) Perplexity Distribution
Figure 3: (a) Comparison of recall on NaturalQuestions Multi-documemnt QA dataset. (b) Compari-

son between perplexities and contrastive perplexities of tokens in the prompt from Multi-documemnt
QA dataset. The document with the ground truth is located on the left side of the dashed line.

s; = perplexity(z;|r<;) — perplexity(x; |z, x ;).

\3 Contrastive perplexity

Natural Language Processing Lab., 2
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Intuition (subsequence recovery)

Document [1](Title: List of Nobel laureates in Physics) The first
Nobel Prize in Physics was awarded in 1901 to {Wilhelm Conrad
RontgenK{Wilhelm Con rad R6 nt gen}, of Germany,...

Original Prompt

Document [1](Title: List of Nobelates in
Physics) The first Nobell
{WilhelmgenK{Wilhelm gen}, of, who
received, .... Compressed Prompt

{Wilhelmgen}
{Wilhelm gen}

LLMs’ Response

Figure 4: The example of Subsequence Recovery, the red text represents the original text, and the

blue text is the result after using the LLaMA 2-7B tokenizer.

« Harry Styles vs. Harry Peter

1.

2.

Identify the longest matching substring in LLM's output

Find a subsequence of the original prompt and swap

- Prefix tree or sequence automata

Natural Language Processing Lab.,
Hanyang University.
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{ End Page}

Thank you :D

Yejin Yoon
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