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What are Covered in this Presentation

• Details of (Long)LLMLingua
- LLMLingua : Huiqiang Jiang, Qianhui Wu, Chin-Yew Lin, Yuqing Yang, Lili Qiu. 

"LLMLingua: Compressing Prompts for Accelerated Inference of Large 
Language Models." (EMNLP2023)

- LongLLMLingua : Huiqiang Jiang, Qianhui Wu, Xufang Luo, Dongsheng Li, Chin-
Yew Lin, Yuqing 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)
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1. Pre-Requisites
- Perplexity
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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.
- It is defined as the exponentiated average negative log-likelihood of a sequence 

of words.
- Normalized inverse probability of the test set
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2. Background
- Selective-context

- Problem formulation
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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.
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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.

- Delete tokens with less information to compress the prompt.
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Self-information (based on entropy)
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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
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Problem Formulation

• Notation
- Original prompt

- Compressed prompt

- Length

- Compression ratio

(The smaller 𝜏, the lower inference cost)
- -𝑥 as input to LLM should produce 

results similar to those produced 
by taking 𝑥 as input.

14

𝑥 = (𝑥$'(, 𝑥)*+,(, 𝑥-.*)

-𝑥 = /𝑥$ $%!
/0

𝐿 = 𝐿$'( +	𝐿)*+,( + 𝐿-.*

𝜏 =
2𝐿
𝐿

min
12,4

KL (𝑃(-𝑥5| -𝑥), 𝑃(𝑥5|𝑥))



3. Suggestion
- LLMLingua

1) Budget controller

2) ITPC

3) Distribution Alignment
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Framework of LLMLingua
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Framework of LLMLingua
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1) Budget Controller

• Demonstration –level compression + 𝚫𝝉 per each component
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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.
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1) Budget Controller

• Derive compression ratio for demonstrations for each component
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2) Iterative Token-level Prompt Compression

• ITPC; Token-level Compression
- The intrinsic limitation to utilize perplexity: independent assumption; similar to

shortcomings of MLM

- Divide Prompt into segments and calculate PPL in those segments (preserving 
inter-dependencies) 
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2) Iterative Token-level Prompt Compression

• ITPC; Token-level Compression
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1. Get the conditional probabilities 
(PPL distribution)
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3) Distribution Alignment

2323
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Output Output

Black-box LLM: GPT-3.5-Turbo

Step 3. Distribution Alignment

Original prompt
2366-token

Compressed prompt
117-tokensLLM: Alpaca-7B, GPT2-Aplaca

parameters of sLLM

• Instruction tuning ℳ!

- Begin with a pre-trained small language modelℳ(
- Utilize datasets generated by a LLM to perform instruction tuning on ℳ(

- Minimize the expected value of the loss function



4. Effect
- Experiment

- Discussion
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Experiments

• Datasets

• Baseline Models
- Target LLMs

: GPT-3.5-Turbo, Claude-v1.3

- sLLMs (ℳ(): Alpaca-7B, GPT2-Aplaca

- Hyperparameters
- 𝑘 = 2, 𝜏!"# = 0.85, 𝜏$%& = 0.9

* k: granular control coefficient

- ITPC #(segment) = 100
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GSM8K

BBH
ShareGPT Arxiv-March 23

ICL, reasoning Conversation Summarization

EM BLEU, ROUGE

• Baseline Methods
- GPT4-Genereation
- Random Selection
- Selective-Context
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Experiments – ICL & Reasoning

• Summary: 
- Increased overall difference 
- Best score in all experiments

• Details
- A slight performance drop 

when compression ratios were 
increased (1/2-shot or 1/4-shot)

- GSM8K EM scores on 14x and 20x 
dropped by 1.44 and 1.52 
respectively.

- The performance of 
selective-context is generally poor.

- By limiting the prompt to phrase-
level compression, it may discard 
some of the important reasoning 
information in some cases.
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Experiments - Dialogue / Summarization
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Discussion

• (Table 3) Ablation study on GSM8K

• (Table 4) Same trend for other 
models besides GPT-3.5-Turbo

• (Table 5) This doesn't seem to work 
as well for smaller models like the 
GPT-2(1.5B).
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Discussion

• (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!
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Output Output

Black-box LLM: GPT-3.5-Turbo

Step 3. Distribution Alignment

Original prompt
2366-token

Compressed prompt
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Discussion

• (Figure 2) the relationship between the compression ratio▲ and the length 
of the generated text▼

• (Table 6) Latency Efficiency
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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.

3131
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5. Conclusion
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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. 
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Framework of LongLLMLingua
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w/ doc. reordering 

Question-aware Coarse-Grained Compression

w/ dynamic
compression ratio

Subsequence 
recovery 
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Intuition (document reordering + dynamic budget)
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Intuition (query-aware)
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We can get the answer to this question in the given documents.
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Intuition (query-aware)
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Contrastive perplexity
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Intuition (subsequence recovery)
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• Harry Styles vs. Harry Poter

1. Identify the longest matching substring in LLM's output

2. Find a subsequence of the original prompt and swap
- Prefix tree or sequence automata
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