Prompt & CoT Compression: LLMLingua-2 & TokenSkip

2026. 07. 30.

=282

;1, latural Language
+9% ’rocessing

£ Artificial Intelligence

At ul

KOREA UNIVERSITY




Intro

*0l
=

El

I =3, & 29| token2 EQIC}

EZ 2E R HE
«Zl prompt context: prefill A4, HZ22|, 2 &S
«Zl Chain-of-Thought: autoregresswe decoding A| &

| 3
=1
7/

N
Hofl 7|04 SHX| 2= token2 F A2
ol F|Of| = task fidelityE |X[& =+

Ok
ofm

°
M

MY o
O

?
=7f?

i
30 M



LLMLingua-2: Data Distillation for Efficient and Faithful ooo TokenSkip: Controllable Chain-of-Thought Compression in LLMs
Task-Agnostic Prompt Compression
Zhuoshi Pan'] Qianhui Wu?} Huigiang Jiang?, Menglin Xia2, Xufang Luo?, Jue Zhang?, Heming Xia ', Chak Tou Leong ", Wenjie Wang' , Yongqi Li" *, Wenjie Li"
Qingwei Lin?, Victor Riihle?, Yugqing Yang2, Chin-Yew Lin?, . Depanment of Computing, The Hong Kong Polytechnic University
H. Vicky Zhao', Lili Qiu?, Dongmei Zhang> University of Science and Technology of China
! Tsinghua University, 2 Microsoft Corporation {he-ming.xia, chak-tou.leong}@connect.polyu.hk

{gianhuiwu, hjiang, xufang.luo}@microsoft.com

ACL 2024 ENMLP 2025



LLMLingua-2

*Abstract & Introduction
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METHODOLOGY

Compressed Text: Item 15, City Manager Recommendation adopt three resolutions. Response

Join Victory Pace program. Join California first program. Consent inclusion
properties jurisdiction California Hero program. Emotion, motion, second, public
LLM

comment. Cast vote. Public comment? Come forward. Alex Mitchell, represent Hero
program. Hero program in California three half years

J Compressed Prompt

?
== oo fp Step 1: —_— 9 ) ¥ Step 5
- - T - . 4 Step 2: - P '
T LLM Data Distillation =" £ Data Annotation = Prompt Compression
- S based on ppreserve
( o . *\ ppreserve Pdiscard
Original Text: Item 15, report from City Manager Recommendation to adopt three e, Step 3:
resolutions. First, to join the Victory Pace program. Second, to join the = Quality Control
California first program. And number three, consenting to to inclusion of ac & Filtering
certain properties within the jurisdiction in the California Hero program. It
was emotion, motion, a second and public comment. CNN. Please cast your vote.
Oh. Was your public comment? Yeah. Please come forward. I thank you, Mr. Mayor. )
Thank you. Members of the council. My name is Alex Mitchell. I represent the l . { Ste;? . Token Classifier as Compressor
hero program. Just wanted to let you know that the hero program. Has been in Train Compressor
California for the last three and a half years. ) Original Prompt

Figure 1: Overview of LLMLingua-2.



EXPERIMENTS
«Training data: MeetingBank 5,169 transcripts Original Texts
41,746 chunks; GPT-4 deletion-only labels Item 15, report from City Manager Recommendation to

adopt three resolutions. First, to join the Victory Pace

-variation / alignment-gap quality filtering program. Second, to join the California first program.

*Compressor: XLM-RoBERTa-large 355M, mBERT 110M And number three, consenting to to inclusion of certain
«Evaluation: MeetingBank, LongBench, ZeroSCROLLS properties within the jurisdiction in the California Hero
«different target LLMs program.

Compressed Texts

City Manager Recommendation adopt three resolutions.
Join California first program. Consent properties inclusion
jurisdiction California Hero program.

Figure 5: Challenges in data annotation.

(1) Ambiguity: a word in the compressed texts may
appear multiple times in the original content.

(i1) Variation: GPT-4 may modify the original words in
tense, plural form, efc. during compression.

(ii1) Reordering: The order of words may be changed
after compression.



EXPERIMENTS

Methods QA Summary Length
EM | BLEU Rougel Rouge2 Rougel. BERTScore | Tokens 1/7
Selective-Context 66.28 | 10.83  39.21 18.73 27.67 84.48 1,222  2.5x
LLMLingua 67.52 | 8.94 37.98 14.08 26.58 86.42 1,176  2.5x
LLMLingua-2-small | 85.82 | 17.41  48.33 23.07 34.36 88.77 984 3.0x
LLMLingua-2 86.92 | 17.37 48.64 22.96 34.24 88.27 970 3.1x
Original 87.75 | 22.34  47.28 26.66 35.15 88.96 3,003 1.0x

Table 1: In-domain evaluation of different methods on MeetingBank.



EXPERIMENTS

| GSMSK | BBH
Methods ‘ 1-shot constraint ‘ half-shot constraint | 1-shot constraint | half-shot constraint

| EM  Tokens 1/7 | EM Tokens 1/7 | EM Tokens 1/7 | EM Tokens 1/7
Selective-Context! 53.98 452 5x | 52.99 218 11x | 54.27 276 3x | 54.02 155 5x
LLMLinguaJr 79.08 446 5x | 77.41 171 14x | 70.11 288 3x | 61.60 171 5x
LLMLingua-2-small | 78.92 437 5x | 77.48 161 14x | 69.54 263 3x | 60.35 172 5x
LLMLingua-2 79.08 457 5x | 77.79 178 14x | 70.02 269 3x | 61.94 176 5x
Full-Shot | 78.85 2,366 - | 78.85 2,366 - | 70.07 774 - | 70.07 774 -
Zero-Shot ‘ 48.75 11 215x \ 48.75 11 215x | 32.32 16 48x | 32.32 16 48x

Table 3: Out-of-domain evaluation on reasoning and in-context learning. ': numbers reported in Jiang et al. (2023b).



EXPERIMENTS

Methods ] MeetingBank ‘ LongBench-SingleDoc

| QA Summ. Tokens 1/7 |2,000-token cons. Tokens 1/7 |3,000-token cons. Tokens 1/7
Selective-Context 58.13 26.84 1,222 2.5x 22.0 2,038 7.1x 26.0 3,075 4.7x
LLMLingua 50.45 23.63 1,176 2.5x 19.5 2,054 7.1x 20.8 3,076 4.7x
LLMLingua-2-small |75.97 29.93 984 3.0x 25.3 1,949 7.4x 27.9 2,888 5.0x
LLMLingua-2 76.22 30.18 970 3.0x 26.8 1,967 7.4x 27.3 2,853 5.1x
Original Prompt ~ [66.95 26.26 3,003 - | 24.5 14511 - | 245 14511 -

Table 4: Evaluation with Mistral-7B as the Target LLM on MeetingBank and LongBench single doc QA task. We
report Rougel(Lin, 2004) for summary.

1/1 Ix 2x 3x 5x
End2End w/o Compression 14.9

End2End w/ LLMLingua-2 - 9.4 (1.6x) 7.5 (2.1x) 5.2 (2.9x)
Selective-Context - 15.9 15.6 15.5
LLMLingua - 2.9 2.1 L.5

LLMLingua-2 0.5 04 0.4

Table 5: Latency (s) comparison on MeetingBank.
___________________________________________________________________________________________________________________________________________________________________|



LLMLingua-2: Conclusion
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TokenSkip

*Abstract & Introduction
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Problem: Marcus is half of Leo’s age and five years
younger than Deanna. Deanna is 26. How old is Leo?

Chain-of-Thought: Let’sbreakitdownstepbystep: 1.
Deannais26yearsold.2. Marcusis five years youngerthan
Deanna,soMarcusis26-5=21yearsold. 3. Marcus is half
of Leo’sage,soLeo ’sageistwice Marcus s age . 4. Since
Marcusis21,Leo’sageis2x21=42. (Selective Context)

Chain-of-Thought: Let’sbreakitdownstepbystep: 1.
Deannais26yearsold.2. Marcusis five years youngerthan
Deanna,soMarcusis26-5=21yearsold. 3. Marcus s half
of Leo’sage,soLeo ’s age is twice Marcus ’s age . 4. Since
Marcusis21,Leo’sageis2x21=42. (LLMLingua-2)

Final Answer: 42.

Figure 2: Visualization of token importance within a
CoT sequence, with darker colors indicating higher val-
ues. This figure compares two token importance mea-
surements: Selective Context and LLMLingua-2.



TokenSkip

*From importance scoring to controllable CoT
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METHODOLOGY

Training e Inference
B o T N ' Input
‘® Question b e > ! o e
g CoT %fy LﬁCompressed CoT ' : i v
— __- Y | - ' — - 7 : ®Fine-tune
R i L e e =
T 2 - . — » 1o
mees meew mm | Compressor — ™ : ﬁ ! é
\ % Answer P oo > ! 2 t'

Figure 4: Illustration of TokenSkip. During training, TokenSkip first generates CoT trajectories from the target
LLM. These CoTs are then compressed to various ratios sampled from the ratio set. TokenSkip fine-tunes the LLM
using compressed CoTs with mixed ratios, enabling controllable CoT inference at any desired v € {v0,...,7:}




EXPERIMENTS

Model: LLaMA-3.1-8B; Qwen2.5 3B / 7B / 14B
Training: LoRA (r=8, a=16), 3 epochs

v € {0.5, 0.6, 0.7, 0.8, 0.9, 1.0}

«answer token2 L HSHX| %S

Benchmark: GSM8K, MATH, MATH-500

«Metric: accuracy, CoT tokens, latency, actual ratio



EXPERIMENTS
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EXPERIMENTS

*Main results

Methods Ratio GSMSK MATH-500
Accuracy T Tokens | Latency(s)] ActRatio Accuracy T Tokens| Latency (s)] ActRatio
Original - 86.2(0,0@ 213.17 5.961_0)( - 48.6(0,0@ 502.60 16.371_0)( -
BeConcise - 82.9(3.3)) 161.32 4731 3« 0.76 47.4(1 .21 471.34 15.541 14 0.94
OnlyNumbers - 83.2(3.0y) 165.27 495, 5 0.78 46.4(5 5 487.00 1593 o« 0.97
AbbreWords - 83.72.5) 170.33 5.151 2« 0.80 47.6(1.01) 489.07 1594, o« 0.97
0.9 84.1(2.1)) 226.37 6.121.0x 1.06 48.6(0.04) 468.04 15.391.1% 0.93
LC-Prompt 0.7 84.9(1_3@ 209.39 5.511,1>< 0.98 48.4(0,4@ 472.13 15.551.1>< 0.94
0.5 83.72.5)) 188.82 4.971.2x 0.89 47.8(0.4y) 471.11 15481 1% 0.94
0.9  70.2(3.0y) 202.06 5.291 1« 0.95 47.8(0.51) 440.33 14.561 1« 0.88
Truncation 0.7 2590.3) 149.99 3971 5« 0.70 45.0(3.61) 386.89 12.851 34 0.77
0.5 7.0(79.21) 103.69 2.955 0x 0.49 27.4(21.2y) 283.70 9.40, 7 0.56
1.0 86.7(0.51) 213.60 5.981.0x 1.00 48.2(0.4) 504.79 16.431.0x 1.00
0.9 86.1(0.1) 198.01 5.651.1x 0.93 47.8(0.81) 448.31 15.261.1x 0.89
TokenSki 0.8 84.3(1.9)) 169.89 5.131.2x 0.80 47.3(1.3)) 398.94 13.391.2% 0.79
P 0.7 82.5(3.71) 150.12 4.361.4% 0.70 46.7(1.9y) 349.13 11.551.4% 0.69
0.6 8l.1(5.1y) 129.38 3.811.6x 0.61 42.0(6.61) 318.36 10.581.6x 0.63
0.5 78.2(8.0) 113.05 3.401 8 0.53 40.2(8.4) 292.17 9.671.7x 0.58




EXPERIMENTS
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Figure 6: Comparison of ratio adherence across differ- Importance Score
ent compression ratio settings. The experimental results
are obtained with LLaMA-3.1-8B-Instruct on GSM8K. Figure 7: Distribution of token importance for skipped

versus retained tokens. The LLM effectively learns to
skip low-importance tokens and retain critical ones.




52 | 0 Budget (adjusted by ratio) 51.2

50 [ Budget (same to origin LLM) 49.9 50.4
) e T v ittt CEE B —— - ——o == =-48.248-2 - -
248 baseline: 48.6 47.3 47.8
g 46.7
@)
© 46 45.2
3
g 44 43.3

42 42.0

40,2
40
0.5 0.6 0.7 0.8 0.9 1.0

Figure 9: Performance comparison of TokenSkip with

varying maximum length constraints, evaluated with
LLaMA-3.1-8B-Instruct on the MATH-500 dataset.



TokenSkip: Conclusion
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