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Abstract

Large Language Models (LLMs) have demon-
strated impressive capabilities in a wide range
of natural language processing tasks when
leveraging in-context learning. To mitigate the
additional computational and financial costs
associated with in-context learning, several
prompt compression methods have been pro-
posed to compress the in-context learning
prompts. Despite their success, these meth-
ods face challenges with transferability due to
model-specific compression, or rely on exter-
nal training data, such as GPT-4. In this paper,
we investigate the ability of LLMs to develop a
unified compression method that discretizes un-
informative tokens, utilizing a self-supervised
pre-training technique. By introducing a small
number of parameters during the continual pre-
training, the proposed Selection-p produces
a probability for each input token, indicating
whether to preserve or discard it. Experiments
show Selection-p achieves state-of-the-art per-
formance across numerous classification tasks,
achieving compression rates of up to 10 times
while experiencing only a marginal 0.8% de-
crease in performance. Moreover, it exhibits
superior transferability to different models com-
pared to prior work. Additionally, we further
analyze how Selection-p helps maintain perfor-
mance on in-context learning with long con-
texts.

1 Introduction

In-context learning has shown remarkable suc-
cess in various natural language processing
tasks (Brown et al., 2020), such as classification
task (Min et al., 2022), and mathematical reasoning
task (Wei et al., 2023), enabling Large Language
Models (LLMs) to tackle complex and diverse tasks
using only few-shot samples. However, in-context
learning also significantly extends the length of
prompts, resulting in increased computational and
financial costs. Recently, a line of work has been
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\ Transferable Single Run  —External
AutoCompressor X v v
LLMLingua v X v
LLMLingua-2 v v X
Selection-p v v v

Table 1: Comparison between the proposed Selection-
p and existing content compression approaches.
Selection-p exhibits great transferability (Transferable),
does not require multi-round iterative decoding (Single
Run), and does not rely on costly external resources for
training (—External).

focusing on prompt compression, which aims to
compress the original prompts while minimizing
information loss. They are categorized into discrete
compression (Li et al., 2023; Jiang et al., 2023; Pan
et al., 2024) and continuous compression (Mu et al.,
2023; Chevalier et al., 2023; Ge et al., 2024); the
former compresses the context into discrete tokens,
while the latter compresses it into a short sequence
of continuous vectors.

Observing redundant and repetitive content in
a given input, discrete compression methods aim
to eliminate less informative context without sig-
nificantly compromising the model’s performance.
For example, LLMLingua (Jiang et al., 2023) pro-
poses to perform iterative token truncation based
on the content perplexity, requiring multi-round
decoding (Jiang et al., 2023). LLMLingua-2 (Pan
et al., 2024), distilled from GPT-4 (OpenAl, 2023),
addresses the potential misalignment between en-
tropy and the compression objective, as well as the
distribution gap between the perplexity of the com-
pression model and the target model. High costs
are still involved in the training data construction.
Meanwhile, optimizing the distribution for specific
LLMs (GPT-4) may, on the other hand, hinder the
transferability of the compressed content to other
LLMs. More details are discussed in Section 4.4.

Continuous compression (Bulatov et al., 2022;
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Wingate et al., 2022) teaches pre-trained LMs the
ability to compress text into a short sequence of
continuous vectors. AutoCompressors (Chevalier
et al., 2023) uses an unsupervised learning objec-
tive, which motivates the model to cache crucial
information within the summary vectors. Despite
their success, these methods have poor general-
ization as they can only compress to the length
specified during training. Additionally, since the
continuous vector cannot be transferred between
models, a separate compressor must be trained for
each model.

This raises an interesting research question:

“Can LLMs learn to identify less informative
tokens within a given context without external an-
notated signals?”

To answer this question, we propose a pre-
training strategy with a self-supervised signal,
which enables the model to autonomously learn
to predict the next token based on compressed con-
text. With a small additional number of parameters,
a forward pass on the proposed selection-p cre-
ates the probability vector p corresponding to each
input token, indicating whether to preserve or dis-
card the token. During inference, we can apply
the detokenized compressed tokens to any down-
stream LL.Ms with only single-turn decoding and
without reliance on any costly external resources
as depicted in Table 1.

The main contributions of this work are fourfold:

* We present Selection-p which achieves only
0.8% drops in performance under 10x com-
pression rate across nine traditional classifica-
tion tasks, surpassing the performance of the
existing compression models. Under this set-
ting, a speedup of 5.3x can be achieved during
inference with in-context learning.

* Selection-p demonstrated great transferabil-
ity, which surpasses the performance of prior
work in performing hard compression for both
open-source and close-source models.

* We further analyze how Selection-p helps in
in-context learning in long-context settings,
presenting a potential solution to address the
performance declination of long-context mod-
els in ICL.

* We connect in-domain prior works and make
comparisons with these state-of-the-art com-
pression models, providing a complete pic-
ture.

2 Related Work

2.1 Hard Compression

Some studies focus on token pruning (Goyal et al.,
2020; Kim and Cho, 2021; Rao et al., 2021; Kim
et al., 2022; Modarressi et al., 2022) and token
merging (Bolya et al., 2023) but they are designed
primarily for smaller models like BERT. More re-
cently, Selective Context (Li et al., 2023) is the first
to propose to prune less important tokens based
on information entropy. Subsequently, LLMLin-
gua (Jiang et al., 2023) refined the approach by inte-
grating the selection of demonstrations and the allo-
cation of compression budgets for various segments
of the input prompt. No training is required in these
models but their efficacy in downstream tasks with
compression applied to in-context demonstrations
remains limited. Pan et al. (2024) extended the idea
and addressed the potential misalignment between
entropy and the compression objective, leveraging
full bidirectional context by training on their pro-
posed GPT-4 distilled compression dataset. Our
simple yet effective approaches outperform previ-
ous studies.

2.2 Soft Compression

Gist (Mu et al., 2023) is first proposed to com-
press prompt with soft tokens. Subsequently, Auto-
compressor (Chevalier et al., 2023) and ICAE (Ge
et al., 2024) extend the idea to handle long contexts
with different pretraining approaches. ICAE further
conducts instruction tuning to enhance model per-
formance. The downstream performance of these
models heavily relies on the tuned compression
model, with a fixed compression rate. Addition-
ally, retraining is necessary for different versions
of LLMs. Compared to these approaches, our work
offers greater flexibility and transferability, while
simultaneously surpassing the performance of ex-
isting compression models.

3 Methodology

Under the intuition that redundant texts often exist
and their removal does not hinder human under-
standing of the text, we assume that LLMs behave
in a similar manner. To efficiently identify less
informative tokens within a given context, we pro-
pose a simple pre-training objective encouraging
the model to predict the same token both before
and after discarding less informative tokens.
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Figure 1: Illustration with the training process. Areas
in orange are learnable parameters. For the input con-
text [¢1, X2, ...,Z,_1], inference without parameters
update is performed first to create the attention mask
p. These subsequently form the model input for LoRA
training and updating the parameters of the additional
linear layer.

3.1 Preliminary

Language Model. Given a context
[z1,22,...,2,—1], the objective of the lan-
guage model is to predict the next token x,,
formed as P(zy|z1,z2,...,2,—1). In case of
training with the causal language modeling (CLM)
loss, we will have,

Leim = —Zlogp(flfi | 1, 22,...,2i-1;0)

Tokens Selection Models. LLMLingua (Jiang
et al., 2023) and its variant (Li et al., 2023; Pan
et al., 2024) select tokens according to the com-
puted distribution of the targeted LLM. Specifi-
cally, suppose z; is a token in the prompt, if the
probability of a token z; is less than a threshold,
then the token is selected to be compressed.

3.2 Selection-p

Following the tokens selection models (Li et al.,
2023; Jiang et al., 2023; Pan et al., 2024), Selection-
p includes the two steps for testing, i.e. the selec-
tion (compression) step and the inference step. In
the selection step, unlike LLMLingua and its vari-
ant, we instead define a selection model to select

less informative tokens within the context in a dis-
criminative way. In the inference step, the tokens
selected via the selection model are passed to our
targeted inference model.

Selection. Assume p; € [0, 1] denote a measure
of the informativeness of token x;. Theoretically,
we can customize a deep neural model to instanti-
ate p;. In practice, we directly take a pre-trained
language model and adopt the last layer of hid-
den representation h” from a pre-trained LM to
the new linear projection layer. Formally, suppose
h% = {hy,ha,--- , h,} denotes the sequence of
hidden states for all tokens x; at the last layer of a
pre-trained language model. The selection model
p = {p1,p2,- - ,pn} is defined as follows:

p = o(Wh” +b) (1)

where ¢ is the sigmoid function, W and b are pa-
rameters of the projection matrix and bias vector,
respectively.

By using the selection model p, it is straight-
forward to compress the context for inference: we
directly prune the corresponding tokens according
to our desired compression rate in retaining the
top k% of tokens in the context. To ensure the effi-
ciency in performing compression, a single forward
pass on our model creates the token preservation
probability for all input tokens for simplicity.

Training. Our training criterion for the selection
model aims to preserve the language modeling
ability of the LLM while also learning to discard
tokens effectively. To this end, we employ the
self-supervised approach to optimize the selection
model and therefore we do not need external re-
sources to train the selection model compared with
Pan et al. (2024).

To keep the training process consistent with the
inference process, we first discretize the selection
model p. Let p; denote the discretized binary
model of p;. In other words, p; is 1 if it ranks
the top k% of tokens with the highest p values and
0 otherwise. Then we use the discretized model as
a mask to define the CLM loss function as follows:
Lom = — ZlogP(a:i | P11, ., Pic1Zi-1;0)

2
where p;x; denotes whether the token x; is masked
or not depending on the value of p;, where the
above language model P is set as the same model
as that used in the selection model in Eq. 1.
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Training Details for Transferability. One of
our goals is to achieve a transferable compression
method. Therefore, the parameters that achieve
the best loss on the language models in Eq. 1 and
Eq. 2 in training may not be transferred to the tar-
geted language model in inference since the lan-
guage models in training and inference can be dif-
ferent. As a result, to ensure the better transferabil-
ity of the optimized selection model, we freeze the
pre-trained language model in Eq. 1 and employ
LoRA (Hu et al., 2021) to train a partial parameter
in the language model in Eq. 2. ! In summary, the
CLM-based training loss is illustrated in Figure 1.

4 Experiment

4.1 Setting

We finetune a LLaMA-2-7b model (Touvron et al.,
2023) on 100M tokens from RedPajama (Togeth-
erAl, 2023) on split segments of 1,024 tokens via
LoRA (Hu et al., 2022). To provide a comprehen-
sive analysis of the model capabilities, our evalua-
tion is conducted on traditional classification tasks
as well as the long-context classification task.

For each task, we randomly sample from the
training set to construct the demonstration set for
In-Context Learning (ICL), which also serves as
our compression target for token selection. During
inference, the compression process only needs to
be computed once for all subsequent inferences on
the testing instances.

Traditional Classification Tasks. Following
Chevalier et al. (2023), we evaluate and compare
different compression models on nine classification
tasks, including six tasks from SuperGlue (Wang
et al.,, 2019). The predictions by LLMs are de-
termined by iterating through all possible answer
options for the instance and selecting the option
with the minimum negative log-likelihood. The
in-context demonstrations have been carefully se-
lected to approximate a size of 750 tokens, and
the complete demonstration is employed. This is
referred to as the “full-shot”. Since the average
token length for a single demonstration varies for
different tasks (e.g., a single demonstration in RTE
averages about 75 tokens, resulting in a 10-shot
setup under the full-shot setting), the exact number
of shots differs depending on the task.

"In our preliminary experiments, we tried the Gumbel-
softmax trick to optimize the loss in Eq. 2 but we did not
observe gains over the direct optimization implemented in our

paper.

To ensure a fair comparison among different
compression models, a compression rate of 0.1 is
used. For each task, four sets of demonstrations
are selected, and the average result across these
four trials is presented in Table 2. Additionally, the
average accuracy of the nine tasks is presented for
a clearer performance comparison.

To achieve a compression rate of 0.1, a simpler
approach is to directly retain one-tenth of the full-
shot demonstration (e.g., using 1-shot instead of
10-shot for the RTE task) instead of performing
selection at the token level. We also include this
method as a baseline to further demonstrate the
effectiveness of our approach.

Long Context Classification Tasks. Recent re-
search by Li et al. (2024) shows the failure of
in-context learning tasks when applied to long-
context scenarios. To investigate whether com-
pression models can serve as a viable solution
in long-context settings, we compare Selection-p
with long-context models, including LLaMA-2-7B-
LonglLora (Chen et al., 2023) and Long-LLaMA-
code-7B (Tworkowski et al., 2023) on the BANK-
ING77 dataset (Casanueva et al., 2020). The
dataset contains 77 classes where traversing all
the instances with unique labels requires approx-
imately two thousand tokens. Evaluation is con-
ducted at 2K, 4K, and 7K token levels, and we
adopt a compression rate of 10x for Selection-p
and LLMLingua-2 among all levels. Since the long
in-context demonstration is used, chunking is per-
formed for every 2,048 tokens in Selection-p. The
compressed results are concatenated together with
a space token between each pair of chunks. We
again follow the evaluation setting by Chevalier
et al. (2023) on the models’ prediction, with the
result presented in Table 3.

4.2 Baselines

We compare the Selection-p with the following
state-of-the-art compression models.

* LLMLingua (Jiang et al., 2023) employs an
iterative compression algorithm to filter less
informative tokens based on the token-level
perplexity. To further boost the performance,
Jiang et al. (2023) also conducts a budget con-
troller to allocate varying budgets across dif-
ferent demonstrations and questions. We find
that there is also a significant discrepancy ob-
served between the prescribed compression
rate and the actual compression rate through
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LLMLingua API calls. For a fair comparison,
we exclusively utilize the token-level prompt
compression algorithm from LLMLingua in
Table 2. We additionally compare LL.MLin-
gua with Selection-p equipped with Budget
Controller in Section 5.5.

e LLMLingua-2 (Pan et al., 2024) is derived
from data distillation obtained by instructing
GPT-4 to perform compression. Similar to
ours, the model is trained as a binary classi-
fier on each token, determining whether each
token should be preserved.

¢ AutoCompressor (Chevalier et al., 2023)
is constructed based on the RMT architec-
ture (Bulatov et al., 2022). It compresses
text into summary vectors that can be reused
in subsequent segments. It is the only soft
compression model adopted for comparison,
considering that we followed the experiment
setting for assessing the in-context learning
ability of LLMs.

4.3 Evaluation Result

Traditional Classification Tasks. None of the
compression models can achieve superior perfor-
mance compared to the full-shot demonstration
setting, which is in line with our expectations given
the information loss during compression. However,
certain tasks show a notable improvement when
compared to both the zero-shot and full-shot ap-
proaches, e.g., all the hard compression models sur-
pass zero-shot and full-shot by approximately 20%
in the WSC task. Among all compression models,
Selection-p demonstrates the highest performance
in conducting ICL, with an average accuracy of
67.4% across all 10 tasks as presented in Table
2. Examples of in-context demonstration before
and after compression are shown in Appendix A.
To demonstrate the effectiveness of our model, we
have included one-tenth of the original demonstra-
tion set as the baseline. Our model significantly
outperforms the baseline with a comparable num-
ber of tokens, therefore highlighting the effect of
performing compression at the token level.

Long Context Classification Tasks. Our
model outperforms LLaMA-2-7B-LongLora,
Long-LLaMA-code-7B and LLMLingua-2 at all
token size levels, and achieves similar results to Li
et al. (2024)’s findings on the long-context models.

In addition, a growing trend with variations is ob-
served with increasing compressed demonstrations,
indicating that our model can successfully learn
from additional information after compression.
Examples of in-context demonstration before and
after compression are presented in Appendix A.

4.4 Transferability

Compression is first performed on the demonstra-
tion set for ICL with Selection-p. Subsequently, the
compressed tokens are passed to a separate down-
stream model (i.e. LLaMA-2-13B or the black-box
models) as the compressed demonstration prompt
for evaluation.

To LLaMA-2-13B. We follow the same setting
of evaluation across different classification tasks
in Section 4.3. To assess the transferability of the
compression models, we compress demonstrations
with Selection-p and input the compressed demon-
stration tokens into LLaMA-2-13B. In comparing
different compression models, since retraining is
required for soft compression methods, no results
can be obtained for AutoCompressor (Chevalier
et al., 2023). In the case of LLMLingua, token-
level perplexity is calculated with LLaMA-2-13B
instead of LLaMaA-2-7B in this experiment.

Our approach outperforms all other compression
models as shown in Table 4. In addition, a small
deviation is observed between the 10x compression
rate and the full shot setting, demonstrating the
great transferability of our models. Notably, with
Selection-p, the tasks that outperform the full-shot
setting in LLaMA-2-7b also exhibit similar patterns
in LLaMA-2-13B.

To Black-box Models. Taking cost into consid-
eration, we select ChatGPT (OpenAl, 2023) and
Gemini (Team, 2023) for evaluation to examine its
transferability to LLMs. Traditional classification
tasks often have a simple nature and the potential is-
sue of data contamination, leading to high accuracy
and causing an insignificant evaluation. Therefore,
we use BANKING77 (Casanueva et al., 2020) for
evaluation. Following a similar setup as described
in Section 4.3, we adopt a token size of 750 for
examination. However, in case the compression
rate is too high, ChatGPT and Gemini are more
likely to deviate from the instructions and provide
task-irrelevant responses. Therefore, we adopt a
compression rate of 3x and use the EM metric for
this experiment given their black-box nature. Note
that there may be variation in the result of Gemini
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Subj RTE WSC BoolQ MultiRC SST-2 WIC COPA AGNews AVG
Zero-shot 493 588 434 67.4 52.5 67.7 508 52.5 63.3 56.2
“One-tenth”-shot  48.6 653  52.6 68.3 49.2 84.0  53.6 83.9 55.5 62.3
Full-shot 80.7 70.7 41.8 62.8 46.8 925 564 85.6 76.3 68.2
AutoCompressor 579 56.1 394 66.5 51.8 92.8 530 84.4 80.9 64.7
LLMLingua 56.7 609 63.0 69.4 50.3 69.9 516 76.4 61.5 62.2
LLMLingua-2 573 678 637 69.8 52.8 66.2 503 71.4 61.9 62.3
Selection-p 68.5 685 6l1.1 69.7 544 90.7 503 76.9 66.8 67.4

Table 2: Evaluation result on traditional classification tasks. Four sets of random demonstrations were selected,
with the average result being presented. The average result across different classification tasks is presented under

AVG.

| 2K 4K 7K
LLaMA-2-7B-LongLora | 0.0 0.0 0.0
Long-LLaMA-code-7B 0.0 0.0 0.0
LLMLingua-2 412 31.6 352
Selection-p 469 509 51.6

Table 3: Evaluation result on BANKING77 with increas-
ing in-content demonstrations tokens length.

since the discrete compressed tokens sometimes
trigger the SAFETY error. The prompt used is
presented in Appendix B.

Though the performance of our model still devi-
ates from the full-shot setting, it achieved the best
performance compared to the existing works as pre-
sented in Table 4, demonstrating fair transferability
even in LLMs like ChatGPT. Surprisingly, though
LLMLingua-2 is distilled from GPT-4, it exhibits
poor generalization compared to other compression
models.

5 Analysis

5.1 Flexibility

Performance with Different Number of Initial
Tokens. The result in long context classification
tasks in Section 4.3 shows the effectiveness of
chunk-wise compression in long context. We fur-
ther analyze if compression models work well in
normal few-shot settings in classification tasks. In
this experiment, the in-context demonstrations are
selected with an approximate size of 250 tokens.
The comparison to the result with the token size of
750 in Section 4.3 is presented in Table 6.
Selection-p shows the best performance under
the constraint of 250 tokens when compared to
other compression models. Additionally, it also
follows the full-shot (i.e. 750 tokens level) trend,
the average performance across all classification

tasks increases along with the number of provided
demonstrations. On the contrary, other compres-
sion models didn’t achieve an improvement in ac-
curacy with more demonstrations. For instance,
there is a drop of 2% recorded with an additional
500 tokens of information for AutoCompressor.

5.2 Latency Analysis

We analyze end-to-end latency on A100-80G GPU
with the WSC task, illustrated in Table 7. Our
method can achieve 5.3x speed up on 10x com-
pressed in-context demonstration. Compared to the
inference time, negligible time is required for com-
pression on the ICL task setting, demonstrating
high efficiency in adopting our models for com-
pression. We also compared LLMLingua with the
disabled content Budget Controller. It requires it-
erative decoding on the segmented context while
Selection-p only requires a single inference on all
tokens and demonstrates a good performance.

5.3 Correlation with Attention and Perplexity

With the p-value ranging between 0 and 1 for each
token, we further study whether any correlations
exist among p, the mean attention value during the
forward pass, and the tokens level perplexity (i.e. a
core component in LLMLingua (Jiang et al., 2023)).
Since the value of p is derived from the last hidden
state of the model, we only consider the last layer
mean attention of our tuned model. We employed
Spearman’s Rank Correlation Coefficient (Spear-
man, 1904) to compute the correlation between the
three variables. It is calculated for different tradi-
tional classification tasks and the averaged value
across tasks. The result presented in Figure 2 in-
dicates only a weak correlation observed between
the p value and the other two variables while the
correlation between the last layer mean attention
and perplexity is more significant. Among all tasks,
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LLaMA-2-13B

| Subj RTE WSC BoolQ MultiRC SST-2 WIC COPA AGNews AVG
Full-shot | 91.6 748 469 67.7 45.7 94.7 54.6 77.6 79.2 70.3
LLMLingua 536 61.0 632 70.6 51.5 64.3 50.0 78.1 58.0 61.4
LLMLingua-2 | 48.3 68.7 413 75.8 522 51.3 49.0 48.2 71.1 56.2
Selection-p 693 695 654 74.7 50.7 81.1 50.5 87.5 63.2 68.0

Table 4: Analysis of transferability to open-source model LLaMA-2-13B. The experiment is performed on 750
tokens in-context demonstrations with a 10x compression rate.

ChatGPT Gemini
GPT-3.5-Turbo | Gemini-1.0-Pro
Full-shot | 74.2 | 73.3
LLMLingua 58.6 40.2
LLMLingua-2 55.7 51.9
Selection-p 62.9 58.9

Table 5: Analysis of transferability to blackbox mod-
els (i.e. ChatGPT and Gemini). The experiment is per-
formed on 750 tokens in-context demonstrations with a
3x compression rate.

WIC demonstrates a prominently high value com-
pared to others, this may explain the small variation
in accuracy across different compression models
and different experimental settings.

5.4 Tokens Level Part-of-Speech Analysis

To further interpret the rationale behind our com-
pression models, we analyze what kinds of words
are likely preserved by Selection-p. Under the dis-
creteness of our compression result, we locate the
corresponding words from the compressed tokens
and obtain the Part-of-Speech (PoS) tags with an
NLTK tagger. For each type of PoS tag, we com-
pute the token preservation percentage with

|compressed_tokeny,, |

|total_tokeny,g, |

for each PoS tag tag;. The experiment is conducted
between the compressed result and the original
demonstrations among the nine traditional classifi-
cation tasks with four demonstration sets per task.
We analyze tags with a frequency of appearance
greater than 1%.

From the result presented in Figure 3, PRP and
punctuations (i.e. indicating the start of the next
sentence or phrase) are more likely preserved. The
potential reason for the high preservation ratio on
PRP (personal pronoun) likely corresponds to the
pronoun resolution task of WSC. Under the task

-0.6
Subj

RTE

-0.5

WSC

BoolQ

MultiRC

SST-2

wiC

COPA

AG News

AVG 5 0.11

BANKING77

-0.0073

0.063

p_a p_pp! ppl_a

spearmanr

Figure 2: Spearman’s Rank Correlation Coefficient
(spearmanr) between p (p) value, mean attention (a) and
token-level perplexity (ppl) across different traditional
classification tasks.

setting, it can be useful hints for the answer deriva-
tion.

The high preservation ratio of punctuation may
indicate a large redundancy in a sentence, and trun-
cating sentence separation tokens is undesirable.
Additionally, as highlighted by Wang et al. (2023),
formatting information (i.e. structure of the demon-
strations) matters a lot in in-context learning. How-
ever, formatting tokens (i.e. “:”") are unlikely to be
preserved with Selection-p compared to the orig-
inal distribution in our case. In general, we also
observe a higher degree of preservation of noun
phrases compared to verbs.

5.5 On Fair Comparison with LLMLingua

As described in Section 4.2, LLMLingua conducts
demonstration selection prior to compression at the
token level, while other methods compress directly
on the token level. Since the demonstration selec-
tion process can also be incorporated into other
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Subj RTE WSC BoolQ MultiRC SST-2 WIC COPA AGNews AVG
Zero-shot 493 588 434 67.4 525 67.7 50.8 52.5 63.3 56.2
Full-shot 813 699 512 62.7 46.8 89.3 51.8 85.1 67.9 67.3
AFullshot -0.6  +08 -94 +0.1 +0 +32  +4.6 +0.5 +8.4 +0.9
AutoCompressor  56.2  61.5 442 68.3 52.7 93.0 51.5 83.6 76.1 65.2
A AutoCompressor +1.7 54 -4.8 -1.8 -0.9 -0.2 +1.5 +0.8 +4.8 -0.5
LLMLingua* 556 614 613 68.2 53.1 81.1 50.2 75.8 70.9 64.2
ALLMLingua +1.1 -0.5 +1.7 +1.2 -2.8 -11.2 +1.4 +0.6 94 2.0
LLMLingua-2 524 653 639 66.1 50.9 82.9 50.8 77.8 56.3 62.9
ALLMLingua-2 +49 +25 -02 +3.7 +1.9 -16.7 0.5 -6.4 +5.6 -0.6
Selection-p 65.7 655 587 67.5 543 81.3 504 71.9 68.3 65.5
Aselection-p +2.8 +3.0 +24 +2.3 +0.1 +9.4 -0.1 -1.0 -1.5 +1.9

Table 6: Performance with different number of demonstrations from about 250 tokens to about 750 tokens. A
refers to the performance enhancement that can be achieved by increasing the demonstration tokens size to 750.

1x 2x 5x 10x
End-to-End without compression 298.6
End-to-End with Selection-p 167.0 (1.8x) 81.6(3.7x) 55.6 (5.3x)
LLMLingua per demonstrations set - 0.82 0.82 0.81
Selection-p per demonstrations set - 0.68 0.67 0.67

Table 7: Latency(s) comparison on WSC in 750 tokens level with about 16 demonstrations. We present
the averaged complete end-to-end inference with and without Selection-p among four sets of demonstrations.
Comparison is conducted with LLMLingua which also builds upon the LLaMA-2-7B backbone, with the averaged
compression time of the in-context demonstrations being presented.

compression models, we only utilize the modified
version of LLMLingua in the previous experiments
to ensure a fair comparison.

In this section, we further analyze the per-
formance by comparing our proposed method,
equipped with the Budget Controller, with the
whole LLMLingua to provide a comprehensive
analysis. We follow the setting described in Sec-
tion 4.3 and select the WSC task for our experi-
ment. To illustrate, in the original demonstration
set consisting of 16 demonstrations, the LLMLin-
gua API retains only four demonstrations. This
leads to two options with Selection-p: (1) continu-
ously applying the 10x compression directly to the
filtered set of four demonstrations and resulting in
a final compression rate of 38x, and (2) adjusting
the compression rate of Selection-p to achieve a
final compression rate of 10x.

The result presented in Table 8 demonstrates the
significant impact of the Budget Controller. Simi-
lar trends in performance for both Selection-p and
LLMLingua are observed (i.e., a decrease in perfor-
mance on the WSC task). Notably, the performance
of Selection-p surpasses LLMLingua after equip-
ping with the Budget Controller.

| WSC | rate
Selection-p 61.1 10x
LLMLingua 63.0 | 10x
Selection-p (+ Budget Controller) 47.6 10x
Selection-p (+ Budget Controller) 57.0 38x
LLMLingua (whole) 447 10x

Table 8: Comparison with LLMLingua on Budget
Controller. Adopting different strategies in equipping
Selection-p with Budget Controller, leads to the two
different compression rates (rate) of 10x and 38x.

Furthermore, there is a disparity between the
instructed compression rate and the actual com-
pression rate in LLMLingua. The target size for
compressed tokens is 75, while LLMLingua typi-
cally achieves an average compressed token size of
around 192.1, which is more than 1.5 times higher
than the desired rate across all classification tasks.

6 Conclusion

We introduce a simple yet effective self-supervised
approach in context compression and conduct eval-
uation across 10 classification tasks in both few-
shot and long-context settings. Our approach also
demonstrated great transferability to both the open-
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Figure 3: Analysis of the token preservation percentage with respect to different types of Part-of-Speech tags under

10x compression rate.

source (i.e. LLaMA-2-13B) and black-box models
(i.e. ChatGPT and Gemini), with performance sur-
passing the existing state-of-the-art compression
models. Analysis is also conducted among differ-
ent compression rates and demonstration lengths.
With a 10x compression rate, our model only shows
a 0.8-point drop in performance across different
traditional classification tasks with a 5.3x speedup.
Through experiments in long-context settings, our
work also presents the possibility of addressing the
in-context learning issue of the recent long-context
models. Both efficiency enhancement as well as
performance preservation are shown in our model.
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Limitations

Under the consideration of cost, we did not perform
further analysis on other LLMs apart from Chat-
GPT and Gemini. In addition, our model which
builds up LLaMA-2-7B does not achieve better
latency than models like LLMLingua-2 and Auto-
Compressor. Under the ICL setting, minimal time
is required for compression, leading to insignifi-
cance in end-to-end inference time. While Auto-
Compressor offers better latency, its soft compres-
sion nature limits its applicability to other LLMs.
Overall, our experiments across various tasks and
settings demonstrate better performance and trans-
ferability, with the benefits outweighing the latency
issue.
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A Examples Illustration of Compression
Results

Figure 4 shows examples of two traditional classifi-
cation tasks (i.e. Subj and WSC) with Selection-p
under 10x compression, displaying both the com-
pressed results and the original demonstration sets
before compression. Additionally, figure 5 illus-
trates an example for BANKING77 under 10x com-
pression.

B Prompt of Evaluation on BANKING77

In our prompt to ChatGPT, we first list out all 77
labels and then provide a list of demonstrations.
The template is detailed below,

Answer in activate_my_card or age_limit
or apple_pay_or_google_pay or
atm_support or automatic_top_up or bal-
ance_not_updated_after_bank_transfer or

or wrong_amount_of _cash_received or
wrong_exchange_rate_for_cash_withdrawal.

Context: <context>
Answer: <answer>

C Training Details

We use LLaMA-2-7B for compression (i.e. token
selection). It takes roughly 50 hours on a single
A100 GPU to train on 100M tokens from RedPa-
jama.

D Detailed Latency Analysis

For the token-based compression models, the time
needed for compression per demonstration set on
the WSC task is presented in Table 9.

LLMLingua-2 | Selection-p | LLMLingua
015 | 067 | 081

Table 9: Time needed for compression per demonstra-
tion set on the WSC task.

Under the ICL setting, the same demonstration
set is used consistently, and compression on the
demonstration set only needs to be computed once
for all subsequent inferences. This contributed to
the short compression time in the complete end-to-
end process.

Considering that the time taken for compression
on the demonstration set is negligible when com-
pared to the time required for inference (approx-
imately at a ratio of 0.01), the end-to-end infer-
ence time for the token-selection-based compres-
sion models is roughly the same. The end-to-end
inference time result for the WSC task on LLaMA-
2-7B is shown in Table 10. The table is presented
in order of the inference time for clarity.

AutoCompressor ‘ LLMLingua-2 ‘ Selection-p ‘ LLMLingua
273 | 556 | 556 | 556

Table 10: End-to-end inference time on the WSC task.
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[Subj] Original Demonstrations:
input: each of the principals has a radically different way of dealing with it .
type: objective

input: well-intentioned though it may be , its soap-opera morality tales have the antiseptic ,
preprogrammed feel of an after-school special .
type: subjective

input: an astonishing feat for a major star let alone a 27 year old from pickum , south carolina who
only two years ago was sleeping in a cardboard box in the back alleys of detroit with her mother ,
connie , and her uncle clutch , while playing guitar on the streets for spare change .

type: objective

input: may is a young strange girl who had a very disturbed childhood and does not still know the
meaning of true friendship or love .
type: objective

[Subj] Compressed demonstrations (10x):

input:-int it may- mor exc lord treasure planet- the ste moments- it thr en a r with he and 1 crowd
gru a-erm own — into imposibly ris gar “ir wh sh de prere prede it mag m ro philosophvag rede
thes v de spcer twz-passer aston fe two with cl for dist and still

[WSC] Original Demonstrations:

Question: In the sentence "James asked Robert for a favor but he was refused.", does the pronoun
’he’ refer to Robert?

Answer: no

Question: In the sentence "What about the time you cut up tulip bulbs in the hamburgers because
you thought they were onions?", does the pronoun ’they’ refer to tulip bulbs?
Answer: yes

Question: In the sentence "When Mr. Bond , the veterinarian, came to look at the black horse that
lay groaning on the grass, he felt him all over, and shook his head; one of his legs was broken.",
does the pronoun ’his’ refer to the black horse?

Answer: no

Question: In the sentence "Sam took French classes from Adam , because he was eager to speak it
fluently.", does the pronoun *he’ refer to Adam?
Answer: no

[WSC] Compressed demonstrations (10x):
" pron:: " tul pron ’ tul: he pron ’ told P which P. He have pron ’ P a the would only Gru une pron
pronl put cfr It pron refriger man pronJohn wheng. He very im Wainws d Fol he pron veterin gro
his pron the repa pron w t win gro " he pron’

Figure 4: Illustration of the compression result by Selection-p for Subj and WSC tasks under 10x compression rate.
Compression is performed with 19 demonstrations for Subj while it is performed with 16 demonstrations for WSC
with total sum of about 750 tokens respectively.
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[BANKING77] Original Demonstrations:
Context: Why did using an ATM cause me to be charged an additional fee?
Answer: cash_withdrawal_charge

Context: I asked for a refund but its not here yet
Answer: Refund_not_showing_up

Context: is there a reason i need to verify top up
Answer: verify_top_up

Context: There is a payment on my card that I do not recognize. I’ve never seen the name on the
transaction before.
Answer: card_payment_not_recognised

Context: I happened to forget my passcode
Answer: passcode_forgotten

Context: I made a cash withdrawal and it is still listed as a pending transaction.
Answer: pending_cash_withdrawal

[BANKING77] Compressed demonstrations (10x):

c_with asked ref Refnoting_up__recogn ¢ wrong_rece_ transaction_chargtw unblock activ ac-
tiv_not__fe_charg_tim: ex sho Please revert__ the card__wr__: I: pending__: the card_not_recogn:
passf:_c

Figure 5: Illustration of the compression result by Selection-p for BANKING77 under 10x compression rate.
Compression is performed with 27 demonstrations with total sum of about 750 tokens.
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