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Abstract

A common strategy to reduce the computa-
tional costs of using long contexts in retrieval-
augmented generation (RAG) with large lan-
guage models (LLMs) is soft context com-
pression, where the input sequence is trans-
formed into a shorter continuous representa-
tion. We develop a lightweight and simple
mean-pooling approach that consistently out-
performs the widely used compression-tokens
architecture, and study training the same com-
pressor to output multiple compression ratios.
We conduct extensive experiments across in-
domain and out-of-domain QA datasets, as
well as across model families, scales, and com-
pression ratios. Overall, our simple mean-
pooling approach achieves the strongest per-
formance, with a relatively small drop when
training for multiple compression ratios. More
broadly though, across architectures and train-
ing regimes the trade-offs are more nuanced,
illustrating the complex landscape of compres-
sion methods.

1 Introduction

Reasoning over long documents is common in sce-
narios of retrieval-augmented generation (RAG).
This is a computationally costly process, both as
far as time and memory. Time is impacted by pro-
cessing the document itself and self-attending over
its computed representations in later parts of the
generation process. Memory costs spike due to the
key-value (KV) cache of the processed document.
The common way to reduce these costs is soft con-
text compression, where a sequence of continuous
representations is pre-computed. This represen-
tation is compressed in the sense that its length
is significantly lower than the document length,
thereby reducing both time and memory costs of
reasoning over the document. This compressed rep-
resentation is computed once, and then retrieved
as needed. This important problem is receiving

significant attention (e.g., Ge et al., 2024; Cheng
et al., 2024a; Dai et al., 2025).

We study both compressor model design and
the compression training process, with simplicity
in mind. The compression encoder we design is
composed of an encoding LLM, and straightfor-
ward mean-pooling operations to collapse together
representations to achieve a target compression ra-
tio. This approach adds no parameters beyond the
encoder LLM, and the computation beyond the en-
coding of the document is minimal. It also naturally
allows for compression ratio flexibility, raising the
question of the benefits or downsides of training the
same compressor to support multiple compression
ratios. We design a simple training objective and
process to achieve this. This is motivated foremost
by the benefit of training a single model to serve
different compute budgets, rather than maintaining
and training a separate model for each compression
ratio. It also allows to examine if and when training
to compress at multiple ratios can perform better
than training for a single ratio.

We construct a rigorous evaluation suite using
multiple question-answering (QA) datasets. We
distinguish between datasets that are part of our
training set, and those that are completely held-out,
allowing us to better gauge generalization. We con-
duct a battery of experiments, across three model
families, model scales, and variations of both com-
pressor architecture and multi-ratio training.

We find that our approach consistently outper-
forms the conventional compression-tokens ap-
proach while being more efficient, and that this
advantage persists and even increases when scaling
to longer contexts. In addition, we show that by
simply altering the attention pattern in the conven-
tional compression tokens method, one can miti-
gate the gap between the approaches significantly,
albeit not entirely. Our multi-ratio training exper-
iments reveal that it is possible to train and de-
ploy only a single model for a wide range of com-



pression ratios with only minor performance drops.
Interestingly, our proposed enhancement for the
compression-tokens approach even benefits from
multi-ratio training. A comparison of compres-
sion performances for scales between 0.6B and
8B shows that compression quality increases with
scale, amplifying the benefits of applying such com-
pression methods to larger models. Code, data, and
models will be released upon publication.

2 Task Definition

Soft context compression is an approach where a
document of length L is mapped to a sequence of
vectors of length C, where L > C. While the
original document can be described as a sequence
of tokens, the compression is made of dense con-
tinuous vectors, hence soft. This process allows
an LLM that uses the compressed version of the
document to invest significantly less computation,
both in time and key-value (KV) cache space, both
reduced from dependence on L to dependence on
C. This benefit increases with repeated use of the
document, as is likely in RAG scenarios.
Formally, we define soft context compression to
support multiple compression ratios. Let M be a
language model and R C N, the admissible set of
compression ratios. Let V' denote the vocabulary
and d the embedding dimension of M. The goal
of learning is to construct a compression function

fo: VEx R 5 REX (1)

which maps a token sequence T' = (t1,...,t1),
t; € V of length L and a ratio » € R to a com-
pressed representation of C' vectors of dimension d.
The length C' is determined by the specified ratio
C=[L/r].

An ideal compressor f. preserves the conditional
distribution of the model using the compressed ver-
sion for any prompt P:

pm( | T P) =~ py(- | fe(T5m), P) 5 (2)

where M is an adapted version of M, for example
augmented with lightweight parameters such as
LoRA (Hu et al., 2022) modules that can be fused
into the base model without altering its capacity.

3 Background and Related Work

Soft Context Compression A dominant line of
research on context compression adopts the use

of artificial compression tokens. As shown in Fig-
ure 1b, a sequence of length L with a target com-
pression ratio r is augmented with C' = [L/r]
additional identical tokens. ! The embedding of
the compression token is learned. The final hid-
den state at the time steps of the compression to-
kens is taken as the compressed representation. A
decoder, conditioned on this representation and a
downstream prompt (e.g., a question), produces
the output. Training typically combines a language
modeling objective on the decoder with a distilla-
tion loss that encourages the compressor—decoder
to approximate the behavior of a target LLM with
access to the full uncompressed context (Figure 1a).
The decoder parameters are either tuned during
learning or are frozen.

This paradigm has been explored extensively in
recent work. AutoCompressors (Chevalier et al.,
2023) introduce recursive compression by append-
ing a fixed set of compression tokens and ex-
tracting their hidden states. They tie the en-
coder and decoder weights. The ICAE frame-
work (Ge et al., 2024) adopts an encoder—decoder
setup where the decoder is frozen and only the
encoder is trained, with a two-stage process of au-
toencoding pretraining and task-specific finetun-
ing. COCOM (Rau et al., 2025) extends this ap-
proach to retrieval-augmented QA, experimenting
with lighter encoders and with training decoders
to jointly process multiple compressed contexts.
Other work has sought more aggressive reduction:
xRAG (Cheng et al., 2024a) maps document re-
trieval embeddings directly into the decoder’s input
space, achieving single-token compression but with
severe constraints on sequence length and general-
ity. PISCO (Louis et al., 2025) demonstrates that
training compressors on LL.M-generated answers
improves downstream RAG performance, while
PCC (Dai et al., 2025) decouples the compressor
from the target LLM by learning a converter to
project compressed representations into another
model’s hidden space. Most recently, GMSA (Tang
et al., 2025) proposed grouping hidden represen-
tations and learning a layer semantic alignment
module that bridges the gap between the encoder’s
final hidden states and the decoder’s first attention
layers. Their approach is related to our study of
pooling, but differs in the complexity of multi-stage
reconstruction training and the use of compression-

'Although some works utilize a fixed number of com-
pression tokens and then learn a distinct embedding for each
position.



decoder adapters.?

In this work, we revisit some of these design
choices and provide a systematic comparison with
token-based architectures under both single- and
multi-ratio training regimes.

KYV Cache Compression In contrast to represent-
ing contexts as input embeddings, another line of
work compresses the entire set of key—value (KV)
states. Some approaches remove or compress less
informative entries in the KV cache without addi-
tional training (Xiao et al., 2024; Oren et al., 2024;
Li et al., 2024), while others train the model to per-
form the compression explicitly (Qin et al., 2024;
Nawrot et al., 2024). A different variant introduces
compression tokens, but instead of retaining only
the final hidden representation, all KV states are
propagated to the decoder (e.g., Zhang et al., 2025;
Li et al., 2025). Although these methods provide
higher-capacity compressed representations that
are well suited for efficient long-context compre-
hension, their increased size makes it impractical
to store them for reuse in retrieval-augmented gen-
eration frameworks, where caching compressed
representations could otherwise avoid recomputa-
tion.

Hard Prompt Compression An alternative ap-
proach is to compress contexts directly in the token
space. This has been done by removing unimpor-
tant tokens or lexical units (e.g., Li et al., 2023;
Jiang et al., 2023; Pan et al., 2024) or generat-
ing concise summaries that preserve salient de-
tails (Chuang et al., 2024). While these meth-
ods can be more interpretable and storage-efficient,
they are inherently constrained by their reliance on
explicit tokens.

4 Methodology

We propose a compression model design where rep-
resentations of adjacent tokens are pooled together
to reduce the document representation length. We
train via knowledge distillation to replicate the
functionality of a teacher receiving the original
(uncompressed) input.

4.1 Compression via Mean Pooling

We propose a simple compression architecture that
relies only on mean pooling of encoded representa-

*While we consider this approach an important point of
comparison, we were unable to include it in our evaluation
because their code and models were not publicly available at
the time of writing.

tions. Figure 1c illustrates our approach. Given a
document, we compute its representation with an
encoder, and apply a non-overlapping mean pool-
ing operator with window size r, the same size
as the compression ratio, and stride r to generate
continuous vectors as the output compression.

Formally, let b = (hy,...,hr) € RF*? denote
the sequence of hidden states produced by the en-
coder. For a compression ratio r € R, we partition
the sequence into k£ consecutive, non-overlapping
blocks:

Sg={(k—1r+1,..., min(kr,L)},
=1,...,[L/r].
The compressed representation of length [L/r] is
obtained by averaging within each block:

fe(T,r) = (21, 211
1 4)
S.t. = — h; .
* 15 2

1€SK

3)

) c R’—L/T’-‘ xXd

The encoder we use is Transformer-based. Criti-
cally, we use a full self-attention mask during en-
coding, allowing each encoded vector to include
information from the entire context, and thereby
each compressed segment to aggregate information
across the entire context. In practice, we initial-
ize with an autoregressive LLM, and remove the
self-attention mask before learning.

Our pooling design introduces no additional pa-
rameters beyond those of the encoder backbone and
the decoder (i.e., target LLM) using the compressed
representation, and has low computational over-
head. The compression-tokens method is slightly
more expensive. It requires an encoder input of
size L + L/r, while our approach only processes
the original L tokens, with negligible overhead for
the pooling operator.

4.2 Training Objective

Each training instance comprises a context 7,
a prompt P, and a ground-truth answer A =
(a1,...,amy). At each step 4, let Q; = q(- |
T, P, A-;) denote the teacher’s distribution given
the full context. Similarly, let Py; = pg(- |
T, P, A_;) be the student’s distribution, where
T = fe(T,r) represents the compressed context at
ratio r.
The distillation loss is the sum of the KL diver-
gences between these step-wise distributions:
m
Lxn(T, P, A;r) = Y KL(Qi || Pog). ()

=1



a & 4 4 a

ay

a; ay a ay ay a4

LM LM

LM

V
.

a
prompt answer
tokens tokens

a, ay
context
tokens

a
prompt answer
tokens tokens

a ay a a4 a

answer
tokens

prompt
tokens

compressed
representation

Mean Pooling ~ Mean Pooling

hidden
representation

compressed
representation

U4 N W SN A N W
MR

Compressor

Compressor

context
tokens

(a) Processing with a regular language
model (no compression).

(b) Compression tokens approach for
context compression.

compression
tokens

context
tokens

|

|

|

|

!

l S S
; L\
|

|

|

|

|

|

l

(c) Our proposed method: no extra
tokens; mean pooling of final hidden
states.

Figure 1: Comparison of context processing methods: regular LM, compression tokens, and our proposed approach
— mean pooling. The figure illustrates a compression ratio of 4.

We propose a unified training strategy in which
a single compressor is trained to handle multiple ra-
tios simultaneously. This is in contrast to most pre-
vious work, where a separate model is trained for
each compression ratio. We generate compressed
representations for all ratios » € R for each train-
ing instance. Each compressed representation is
passed independently to the decoder, and the corre-
sponding losses are computed. The final objective
for one training instance is obtained by summing
across the ratios:

Louti(T, P,A) = Y Lxo(T, P, A; )
reR

(6)

The iteration over ratios is performed within
each batch, and a single parameter update is ap-
plied after aggregating the losses. Since the en-
coder computation is shared across all ratios, this
procedure is substantially more efficient than train-
ing separate models. By relying exclusively on
knowledge distillation, rather than combining it
with a language modeling objective, we enable a
direct and fair comparison between the original
model and the compressor.

5 Experiments and Results

Our central objective is to isolate the contribution
of context compression itself, without entangle-
ment with retrieval noise or incomplete supervi-
sion. While compression methods are often demon-
strated in retrieval-augmented generation (RAG)
settings, these introduce extraneous challenges,
such as when retrieved passages may not contain
sufficient evidence, making performance conflate

retrieval quality with compression quality. To avoid
this confounder, we focus exclusively on reading
comprehension, where given contexts are guaran-
teed to contain the necessary evidence to answer
the question. This setup allows for a controlled,
head-to-head comparison of different compression
strategies, across a range of datasets that stress both
single-hop and multi-hop reasoning.

5.1 Experimental Setup

Data We curated our training set by mixing
multiple context-based datasets, in tasks span-
ning reading comprehension (RC) and summa-
rization. A detailed list of the datasets we incor-
porated in our training mixture can be found in
Table 4. We evaluate with six reading compre-
hension benchmarks: SQuAD (Rajpurkar et al.,
2016), NarrativeQA (Kocisky et al., 2018), Hot-
potQA (Yang et al., 2018), Adversarial QA (Bar-
tolo et al., 2020), TriviaQA (Joshi et al., 2017),
and ParaphraseRC (Saha et al., 2018). This selec-
tion covers a broad spectrum of reasoning styles,
from factual extraction to adversarial paraphrasing,
thereby testing the generality of compression. For
TriviaQA, we restrict the evaluation to the verified
subset, ensuring that every question has sufficient
supporting evidence. The training mixture includes
the train splits of SQuAD, NarrativeQA, and Hot-
potQA, which thus serve as in-domain testbeds.
AdversarialQA, TriviaQA, and ParaphraseRC are
excluded from the training mixture and instead
used purely for out-of-domain evaluation.’

3We provide in- vs. out-of-domain results in Appendix B



Model Training For each target language model,
we first finetune it on the training mixture using
LoRA (Hu et al., 2022). This finetuned model is
then fixed and used as the teacher in the distilla-
tion process. This ensures that performance differ-
ences stem solely from the compressor rather than
mismatched finetuning (e.g., to the question do-
main). Both the compressor’s encoder and decoder
are initialized from the same target LLM but are
trained with separate LoORA weights. We always
use the instruction-tuned model weights as our
backbone. For multi-ratio training, we always train
on the ratios {4x,8x,16x,32x,64x,128x }, un-
less stated otherwise. In addition, we found that
applying a single linear layer slightly improves per-
formance for both our method and the compression-
tokens method, so for all experiments in this paper
a learned matrix W € R%*? is applied to f.(T,7)
before the compressed representation is given as
input to the decoder LLM, unless stated otherwise.

Long-Context Experiments Our primary exper-
iments are conducted with context lengths up to 1K
tokens, a practical limitation imposed by our com-
putational budget. We study scalability to longer
inputs by extending our evaluation to contexts up
to 8K tokens. We train and evaluate on a separate
long-context data mixture, and use LongBench-
E (Bai et al., 2024) for evaluation. The long-context
setting requires a context extension training proce-
dure: the teacher from the 1K-context experiments
is further finetuned on the long-context mixture,
and the compressor is then trained in stages that
incorporate both short and long contexts to pre-
serve performance across context lengths. We run
these experiments with Qwen3-1.7B, which was
pretrained with a 32K context length. Full details
on the data mixture, training procedure, and model
choice are provided in Appendix A.3.

Implementation of the Compression-Tokens Ap-
proach The main approach we compare ours
against is using compression tokens. A central
design consideration in our experiments is the atten-
tion pattern applied to compression tokens. Under
the compression-tokens paradigm, the causal atten-
tion mask typically employed by transformer-based
LLMs imposes a strong Matryoshka-style (Kusu-
pati et al., 2022) constraint: compressed represen-
tations at smaller lengths must correspond to strict
prefixes of those at larger lengths. We relax this re-
striction by allowing compression tokens to attend
bidirectionally among themselves, while retaining

causal attention over the original context. This sim-
ple, albeit not explored in prior work, modification
makes the model aware of how many compression
tokens are available (i.e., its compression budget),
and therefore to allocate information differently
for each ratio while still benefiting from shared
computation and KV caching. We experiment with
both the conventional causal attention mask and
our bidirectional modification. Empirically, we ob-
serve that this modification significantly improves
the approach’s performance. In addition, in our
implementation of the compression-tokens models,
we utilize only a single compression token that is
appended [L/r] times to the context, rather than
having several compression tokens. This enables
us to compress any context to any arbitrary ratio
we choose, while retaining an equal number of
parameters in the model.

Metrics We evaluate our models using the stan-
dard exact match (EM) and F; metrics.* Several
recent works reported QA performance using a sub-
string accuracy metric, which assigns a score of 1
if the exact match is a substring of the output and
0 otherwise. We opt against the adoption of this
metric as it is easily exploitable.’ This forces us to
exclude some baselines from our primary results.
In addition, for each metric, we also define its
teacher-normalized version. Given a metric M, a
target language model M and a compressor f., we
calculate the following: My, the teacher’s score, by
passing the original uncompressed contexts to the
decoder model; MIQJ , the no-context score, by pass-
ing only the question without any context; and My, ,
by using the compressed context. Then, the teacher-
normalized score is given by % This score
does two things. First, it scales the compressor’s
score with respect to the teacher’s, allowing for a
direct assessment of the amount of retained perfor-
mance under compression. Second, it accounts for
how easy it is for the model to answer the input
question without any context. This latter consider-
ation comes to account for cases where a question
does not really require the context, potentially in-
flating the score of the compression model, while
actually simply ignoring the compressed input.

Systems Our main comparison point is our im-
plementations of the compression tokens method,

“We show only F scores in the main text but full EM
results with similar trends are reported in Table 9.

SConsider a question where the answer is a US state, and
the model lists all 50 states as an answer.



with causal or bidirectional attention. We compare
against these two systems throughout our experi-
ments. We also include comparisons to other soft
context compression methods: ICAE (Ge et al.,
2024) and PCC (Dai et al., 2025). We also evaluate
LLMLingua2 (Pan et al., 2024), a hard prompting
compression approach, by passing LLMLingua’s
compressed prompts to our finetuned Qwen3-8B
teacher model.

Comparison between compression methods is
challenging in general, due to inconsistencies in
the training procedures. Our main goal is to build a
systematic understanding of the architecture land-
scape, and we compare ourselves to other methods
mainly to showcase the validity of our experiments.
Showing the strength of performance compared
to the prior state of the art is secondary, and not
even necessarily feasible because many approaches
do not release code or models, or adopt training
methods that complicate the evaluation. This chal-
lenge is demonstrated well by the PISCO (Louis
et al., 2025) method. Their training method is not
well suited for the traditional EM/F; metrics and
performs poorly on these metrics, and indeed the
authors evaluated their method only using a more
forgiving substring accuracy score. We therefore
omit this method from our primary comparisons,
but include it and report substring accuracy in Ap-
pendix C.1 (Table 10).

5.2 Results

Table 1 shows our main results. We demonstrate
the robustness and generality of our findings by
comparing six different models, spanning three
model families and four model scales: Llama3.2-
1B (Grattafiori et al., 2024), Gemma2-2b (Team
et al., 2024), and Qwen3-0.6/1.7/4/8B (Yang et al.,
2025a). We show the average F) scores over all
six evaluation datasets. Below the results table, we
provide bar charts that summarize the results along
specific dimensions that emphasize trends. The
bar charts show the teacher-normalized F metric
averaged across all models and datasets to get a
single aggregated result per method. We provide
the teacher model’s performance with the original
context ("Original") and without context at all ("No
Ctx"). In between we report the results for differ-
ent compression ratios and for both the single- and
multi-ratio training schemes.

Our mean-pooling method is consistently bet-
ter than both the standard (causal) compression
tokens architecture and the bidirectional variation.

Simply adding bidirectional attention between the
compression tokens dramatically improves perfor-
mance. Comparing the single-ratio models to the
multi-ratio models, we see that the bidirectional
compression tokens approach significantly bene-
fits from multi-ratio training, while for the mean-
pooling approach a trade-off clearly exists. This
is potentially because the bidirectional approach
has a clear signal about the target compression ra-
tio — the forward attention allows each time step
to be aware of the total length of the compressed
output. Without this, the model must produce a
one-size-fits-all representation in each time step.
Lastly, while we do see a performance drop in the
multi-ratio setting at 128 x for all methods, it must
be taken in the context of the already relatively low
performance retention at that ratio.
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Figure 2: Compression Scaling. We show the teacher-
normalized F} scores (Relative F1) across four Qwen3
model scales. The scores are averages of the scores
of all datasets. We can clearly observe the benefits of
scaling for LLM compressors.

Compression Scaling It is well known that LLM
performance increases with scale, if scaled appro-
priately (Cheng et al., 2024b). But does com-
pression quality scale as well? In Table 1 we
can see that the teacher’s performance improves
as the model size grows. Having a compressor
increase in performance at the same rate as the
teacher would actually tell us that the compressor
does not scale well, since that would mean that the
teacher-normalized scores stay constant throughout
the scales. Figure 2 shows the compression perfor-
mances of the four Qwen3 model scales we use.
We train the models under the multi-ratio setting
to efficiently evaluate multiple ratios. We evaluate
using the teacher-normalized F score, and present
the average scores across all datasets. The results
clearly show compressors demonstrate the desir-
able scaling properties — the efficiency gains of



Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi

Baseline Systems

LLMLingua?2 (Qwen3-8B) 42.52 24.39 22.59
ICAE (Mistral-7B) 42.40
PCC Lite (GPT2-Large & Llama3.1-8B) 62.08 51.30 36.20
PCC Large (Llama3.1-8B) 62.98 49.37 37.24
Our Methods
Qwen3-8B 74.33 23.06
Compression-Tokens (Causal) 67.03 6590 56.21 58.41 4747 4476
Compression-Tokens (Bidirectional) 69.20 69.57 60.27 63.01 4693 46.97
Mean-Pooling 71.66 70.55 63.85 64.67 47.90 4592
Qwen3-4B 73.44 19.79
Compression-Tokens (Causal) 64.88 62.53 5522 5428 43.08 40.83
Compression-Tokens (Bidirectional) 66.72 68.15 57.68 6048 41.61 42.66
Mean-Pooling 70.39 6936 61.79 61.72 43.62 41.05
Qwen3-1.7B 69.93 14.00
Compression-Tokens (Causal) 5090 57.73 49.83 48.68 36.19 3534
Compression-Tokens (Bidirectional) 62.04 62.60 5153 5411 36.25 35.77
Mean-Pooling 6643 64.17 5543 5447 36.72 33.48
Qwen3-0.6B 65.36 9.34
Compression-Tokens (Causal) 5440 51.85 4157 4259 28.86 28.60
Compression-Tokens (Bidirectional) 55.59 57.03 4482 47.62 29.69 29.51
Mean-Pooling 61.17 58.36 47.59 47.64 2994 26.36
Gemma2-2B 71.96 21.64
Compression-Tokens (Causal) 63.35 62.18 5507 54770 4446 4249
Compression-Tokens (Bidirectional) 64.76 6524 5639 58.43 44.73 43.17
Mean-Pooling 69.33 68.09 6139 61.04 4498 43.71
Llama3.2-1B 65.82 15.17
Compression-Tokens (Causal) 5631 5374 4751 4696 3541 35.62
Compression-Tokens (Bidirectional) 5791 57.52 49.20 50.06 3643 36.25
Mean-Pooling 62.81 60.56 47.28 51.56 3325 3398
Method Training regime
[ Causal [ Bidirectional [ Mean-Pooling Single [ Multi
4% 16X 128%
100 9329
< ¢5.1786.35 89.87
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Table 1: Primary results. Values in the table are F; scores macro-averaged across all datasets in our evaluation
suite. Original stands for the teacher model’s score when given the full context. No Ctx stands for the teacher
model’s score when not given any context at all. For each ratio, we display both single- and multi-ratio versions.
For the baseline systems (top section), we include results for the compression ratios supported by these methods,
unsupported ratios are left blank. The best method for each (model, ratio, single/multi-ratio training) setting is
bolded. Bottom figures present aggregated views of the results in the table, but instead of F; show the teacher-
normalized F; metric (Relative F1). Scores are obtained by averaging over all models listed in the table.

context compression are much larger as the model  trates the applicability of this line of research to
size increases. That larger models retain higher  real-life models and their deployments, where sav-
level of performance (i.e., higher relative F1) illus-  ings are even more important. Similar trends are



observed for the other methods (Table 1), demon-
strating the generality of this finding.

Single-Doc QA Multi-Doc QA
4x 16x 128x 4x 16x 128x

Baseline Systems

LLMLingua2 (Qwen3-1.7B) 207 125 89 294 224 218
PCC Large (Llama3.1-8B) 172 56 24 28.0 114 72
Our Methods (Qwen3-1.7B)

Compression-Tokens (Causal) 333 195 179 409 325 316
Compression-Tokens (Bidirectional) 359 30.5 19.1 43.0 382 32.1
Mean-Pooling 39.7 325 242 459 414 36.0
Teacher Models (Qwen3-1.7B)

(no compression) (no compression)
w/o Context 10.1 21.7

w/ Context

B3 496

Table 2: LongBench-E QA results. Displayed metric is
F1. We include contexts with up to a maximum of 8K
tokens. The best method for each ratio-dataset setting is
bolded.

Long Contexts Beyond our main experiments,
which evaluate contexts up to 1K tokens, we ex-
tend our evaluation to longer contexts with a max-
imum length of 8K tokens. We report QA results
on LongBench-E in Table 2. The results clearly
demonstrate that mean pooling remains superior in
this setting, yielding even larger performance gains
than in the 1K-context experiments. Given that
compressing longer contexts offers greater compu-
tational savings due to the quadratic complexity
of the attention mechanism, these findings further
reinforce that mean pooling is a more effective al-
ternative to the widely-used compression-tokens
approach.

Model Ablations We run all our ablations us-
ing the Gemma2-2B model, since it demonstrates
strong performance while being relatively compute-
efficient. Table 3 presents the ablation results. We
conduct several ablations: (1) Fixed Decoder: the
decoder is kept frozen and only the encoder is
trained; (2) Fixed Encoder: the encoder is kept
frozen and only the decoder is trained; (3) No En-
coder: we remove the encoder entirely, and ob-
tain the initial context representation using only
the token embeddings of the decoder model; (4)
w/o Linear Layer: we remove the linear layer that
is applied after the pooling operation; (5) Ratio
Sampling: instead of training on all ratios for each
sample, a single ratio is randomly chosen for each
sample during training.

Freezing the decoder results in consider-
able performance reduction, although not catas-
trophic. This is in line with findings of previous
works (Louis et al., 2025). Freezing or removing
the encoder is more detrimental, lowering perfor-

Ablation (GEMMA2-2B)  4x 8x 16x 32x 64x 128x A

Default 68.1 654 61.0 549 488 437 (+0.0)
Fixed Decoder 649 619 570 515 450 398 (-3.6)
Fixed Encoder 574 499 441 398 362 348 (—13.3)
No Encoder 587 519 449 402 362 341 (—12.6)
w/o Linear Layer 677 645 60.0 541 481 432 (=0.7)
Ratio Sampling 67.1 64.0 593 535 475 422 (-1.4)

Table 3: Ablation study for mean pooling using
GEMMAZ2-2B as the teacher LLM. Numbers are macro-
averaged Fj scores. A: mean change vs. Default across
ratios; bold = best per column.

mance by more than 12%. The effect of the linear
layer is not very significant, its removal results in
a reduction of only 0.7%. Finally, while randomly
sampling a single ratio per sample would speed
up training significantly, it does so at the cost of a
small drop in performance (1.4%), likely because
each ratio gets less updates during training.

6 Discussion

We provide a systematic study of soft context
compression, showing that a simple mean-pooling
approach consistently outperforms compression-
tokens architectures while requiring no additional
parameters. Notably, these advantages persist and
even increase when scaling to longer contexts, pre-
cisely the regime where efficient compression is
most valuable. We further demonstrate that multi-
ratio training is both feasible and effective, en-
abling a single compressor to support a wide range
of compression budgets with only minor perfor-
mance degradation. Interestingly, we observe that
the bidirectional compression-tokens method con-
sistently benefits from multi-ratio training. A plau-
sible explanation is that, unlike mean-pooling or
causal compression-tokens, this method has ex-
plicit access to the number of compression tokens
available, allowing it to adapt to the target bud-
get. Exploring how to incorporate similar signals
into other architectures is an important direction
for future work.

Finally, our study highlights a broader open prob-
lem: the evaluation of compression methods re-
mains hindered by inconsistent setups, metrics,
and benchmarks. By isolating compression quality
from retrieval confounders and applying a uniform
evaluation across models, scales, and domains, we
aim to provide a rigorous basis for future research
on soft context compression. We hope this work
helps establish more standardized practices and
clarifies the core principles that should guide the
development of next-generation compressors.



7 Limitations

Our study has several limitations. Balancing com-
putational costs, our main experiments are con-
strained to 1K context lengths. That said, our 8K
experiments, although of smaller scope, demon-
strate the observed conclusions clearly persist and
are even stronger at higher lengths. We expect fur-
ther validation by an organization with significant
compute resources will demonstrate this trends per-
sists at higher scales. Unfortunately, this is not
within our resources. Our evaluation is limited to
English-language datasets. Assessing the general-
ization of our findings, and of other compression
methods, to other language is an important direc-
tion for future work. While we compare against
several existing methods, the lack of standardized
evaluation practices in the field means that some
comparisons are constrained by differences in train-
ing procedures, available code, or supported met-
rics. We hope our work contributes toward estab-
lishing more consistent benchmarks in future work,
as we carefully document our choices and release
both our code and data publicly. However, we
acknowledge that a fully comprehensive compar-
ison across all existing methods was not feasible.
Finally, context compression methods inherently
involve information loss, which may lead to factual
errors or hallucinations when compressed represen-
tations omit critical details. Following common
practices, our evaluation focused on task perfor-
mance metrics such as accuracy and F1 scores, and
did not explicitly measure hallucination rates, an
challenging measurement problem on its own. We
encourage future work to investigate when com-
pression is appropriate, particularly with focus on
compression-hallucination tradeoff.
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A Additional Experimental Setup Details

A.1 Data

Table 4 and Table 5 provide detailed lists of our
training data mixture and evaluation suite. We use
the summaries as contexts for NarrativeQA, instead
of the full stories. For HotpotQA, we only use the
two gold paragraphs as contexts, and remove the
distractors.

We increase the training data diversity by ran-
domly sample a prompt template that fits the task,
when training samples are composed of a context
C, question () and answer A. For example, for the
extractive QA task, an example of a prompt tem-
plate is: “<C>\n Extract the answer from the text
above. \n Question: <Q>W\n Answer: <A>". Sim-
ilar templates are defined for other tasks as well.
We created approximately 100 prompt templates
for each task. The full list of templates for each
task is available along with our code.

A.2 Training Hyperparameters

We ran initial hyperparameter exploration exper-
iments using a text continuation task on a subset
of the Dolma (Soldaini et al., 2024) dataset. We
generally found that most hyperparameters did not
significantly affect perplexity on a held-out eval-
uation set (a different Dolma subset), except for
the learning rate, which had more substantial ef-
fects. We determined the number of steps based
on our computational budget and the plateauing of
the loss curve. We repeated this process for each
compression method and chose our final set of hy-
perparameters to be identical across all methods,
as we found them to be near-optimal for all meth-
ods without statistically significant differences. We
provide the final hyperparameters used to train all
models, including the teacher and compressor mod-
els, in Table 6.
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Hyperparameter Value
LoRA r 16
LoRA « 16

optimizer AdamW
51 0.9
B 0.95
clip norm 1
peak learning rate 2e-4
final learning rate 2e-5
Ir scheduler type cosine
warmup ratio 0.05
weight decay 0.0
steps 48,000
batch size 32
max context length 1024
max answer tokens 256

Table 6: Hyperparameters for training all the models
used in this work.

A.3 Long Context Experiments

Data We use the training datasets listed in Table 8
for long-context training. To preserve performance
on short contexts, following Chen et al. (2024), we
mix these with 2,000 samples from each of the orig-
inal training datasets (Table 4). For evaluation, we
use the LongBench-E variant of LongBench (Bai
et al., 2024), which contains more samples with
context lengths below 8K tokens; dataset statistics
are provided in Table 7.

Training Procedure We employ a three-stage
training procedure. First, the teacher model from
the 1K-context experiments is further finetuned on
the long-context data mixture, adopting a progres-
sive training strategy (Yang et al., 2025b). Next,
a compressor is trained using this teacher along-
side the original 1K-context data mixture. Finally,
the compressor undergoes additional training on
the same long-context mixture used during teacher
finetuning. We use the same hyperparameters as
in Table 6, with two changes: (1) we reduce the
number of steps to 4,800, and (2) we use a max
context length of §,192.

Model Choice We run the long-context exper-
iments with Qwen3-1.7B since it was pretrained
with a 32K context length and fits within our com-
putational budget. Gemma2-2B, while of compa-
rable size and with better performance, was pre-
trained with a context length of 8K, which is insuf-
ficient given that the contexts alone in our experi-



Dataset Avg. Context Tokens #Samples #Contexts
Summarization

CNN/DM (See et al., 2017) 649 198,732 196,601
DialogSum (Chen et al., 2021) 208 12,452 12,450
SAMSum (Gliwa et al., 2019) 145 14,730 14,254
XSum (Narayan et al., 2018) 408 185,760 185,566
Reading Comprehension

BoolQ (Clark et al., 2019) 126 9,427 7,927
DROP (Dua et al., 2019) 295 76,751 5,477
HotpotQA (Yang et al., 2018) 247 90,327 84,705
NarrativeQA (Kocisky et al., 2018) 668 28,299 953
PubMedQA (Jin et al., 2019) 318 211,218 211,164
QuAC (Choi et al., 2018) 515 81,391 6,574
QuAlIL (Rogers et al., 2020) 416 10,246 560
RACE (Lai et al., 2017) 349 87,749 25,108
SQuAD (Rajpurkar et al., 2016) 162 86,821 18,877
PWC (Ge et al., 2024) 477 241,563 16,382
Total 410 1,335,466 786,598

Table 4: Training datasets with average context length (tokens), number of samples, number of distinct contexts,
and task category. The overall average context length is weighted by the number of samples.

Dataset Avg. Context Tokens #Samples #Contexts
Adversarial QA (Bartolo et al., 2020) 154 1,000 341
HotpotQA (Yang et al., 2018) 254 7,394 7,352
NarrativeQA (Kocisky et al., 2018) 639 3,002 100
ParaphraseRC (Saha et al., 2018) 685 4,835 560
SQuAD (Rajpurkar et al., 2016) 169 5,928 1,204
TriviaQA (Verified) (Joshi et al., 2017) 539 185 185
Total 375 22,344 9,742

Table 5: Evaluation datasets with average context length (tokens), number of samples, and number of distinct
contexts. The overall average context length is weighted by the number of samples.

ments reach 8K tokens, not including prompt and
answer tokens.

A.4 Computational Resources

All experiments in this paper (except for the base-
line systems) were trained and evaluated on Google
Cloud preemptible TPUs, and implemented using
the JAX and Flax NNX libraries. Since training
was only done on preemptible TPUs, it is hard to
estimate the total training time for each experiment,
as most of them were interrupted several times
by preemption. As rough estimates, when using
a v4-64 TPU and a 2B model trained for 48,000
steps and a batch size of 32: training a teacher
model took 4 hours, training a multi-ratio compres-
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sor model took 23 hours, and training a single-ratio
compressor model took 10 hours.

B In-Domain vs. Out-of-Domain
Experiments

We construct our evaluation suite with both
in-domain QA datasets and out-of-domain QA
datasets (Section 5.1). The training splits of the
in-domain datasets are included in the training
data mixture, while the out-of-domains datasets are
not. It is expected that downstream performance
will drop for out-of-domain datasets. Critical for
our study, though, is the performance drop of the
compressor itself. Figure 3a plots the in-domain
and out-of-domain performance using the teacher-



Dataset Avg. Context Tokens #Samples #Contexts
Single-Doc QA

QASPER (Dasigi et al., 2021) 4,901 192 133
MultiFieldQA-en (Bai et al., 2024) 4,725 93 66
Multi-Doc QA

HotpotQA (Yang et al., 2018) 4,997 128 128
2WikiMultihopQA (Ho et al., 2020) 5,426 165 165
Total 5,044 578 492

Table 7: LongBench-E evaluation datasets with average context length (tokens), number of samples, and number
of distinct contexts. The overall average context length is weighted by the number of samples. We only include
samples for which the context length is under 8K tokens.

Dataset Avg. Context Tokens #Samples #Contexts
BillSum (Kornilova and Eidelman, 2019) 2,278 5,000 5,000
HotpotQA (all contexts) (Yang et al., 2018) 1,338 5,000 5,000
BookSum (Kryscinski et al., 2022) 3,670 4,055 3,430
LongAlpaca (Chen et al., 2024) 6,943 3,918 3,564
QUuALITY (Pang et al., 2022) 5,830 2,426 144
QASPER (Dasigi et al., 2021) 4,756 2,331 769
QMSum (Zhong et al., 2021) 5,749 295 42
Total 3,782 23,025 17,949

Table 8: Long context training datasets with average context length (tokens), number of samples, number of distinct
contexts, and task category. The overall average context length is weighted by the number of samples.

normalized F score for the Qwen3-8B model, av-
eraged over the datasets in each category. We first
observe that while the mean-pooling approach is
superior for ratios up to 16x in all settings, its
performance deteriorates as the compression ratio
increases. To better understand the performance
change due to the domain gap, we plot the differ-
ences between the in-domain and out-of-domain
performance in Figure 3b. The performance gap is
higher for low ratios, and lower for higher ratios.
One possible explanation is that at low compres-
sion ratios the compressed representations still re-
tain much of the original contextual signal, so the
model is more sensitive to domain-specific distri-
butional shifts; differences between in-domain and
out-of-domain language patterns thus manifest as a
larger performance gap. By contrast, at higher com-
pression ratios much of the fine-grained contextual
detail is already lost to compression noise, which
dominates over the domain gap. In this regime,
both in-domain and out-of-domain datasets suffer
similarly from the limited representational capacity,
resulting in a smaller relative difference.
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(a) In-domain vs. out-of-domain performance across compres-
sion ratios.

8x
006005

16x
0.04
001
=

£ 005
)

ax 6
005
il . o o ]

S 000

2x 64x
al
B

0.00

(b) Performance drop (in—out gap) per method across compres-
sion ratios (in teacher-normalized Relative F units). Higher
values mean a larger domain performance gap. Negative val-
ues mean that the out-of-domain performance is better than
in-domain performance.
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Figure 3: In-domain and out-of-domain comparison. (a)
Line plots show performance on in-domain vs. out-of-
domain datasets. (b) Bar plots show the in—out perfor-
mance gap per method, which is the difference between
in-domain and out-of-domain teacher-normalized F}
scores.

C Additional Results

We provide additional results from the same exper-
iments conducted in the main body of the paper.
Appendix C.1 provides the primary results of the
paper with the EM and substring accuracy metrics.
Appendix C.2 shows the F; performance on each
individual dataset from the evaluation suite.

C.1 Primary Results —Additional Metrics

We provide our primary results with the EM and ac-
curacy metrics in Table 9 and Table 10 respectively,
akin to those presented in Table 1.

C.2 Results Per Dataset

Our evaluation suite comprises six datasets. Here
we present individual dataset performance using
the F metric.

C.2.1 In Domain Datasets Results

We provide results for SQuAD, HotpotQA and Nar-
rativeQA in Table 11, Table 12 and Table 13, re-
spectively.

C.2.2 Out-of-Domain Datasets Results

We provide results for TriviaQA, AdversarialQA
and ParaphraseRC in Table 14, Table 15 and Ta-
ble 16, respectively.
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D LLM Usage

LLMs (specifically, ChatGPT) were used in the
process of writing this paper for creating tables and
figures, as well as proof-reading.



Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 30.02 16.16 16.06
ICAE (Mistral-7B) 24.94
PCC Lite (GPT2-Large & Llama3.1-8B) 48.81 38.38 25.94
PCC Large (Llama3.1-8B) 49.34 36.64 27.92
Our Methods
Qwen3-8B 59.82 16.19
Compression-Tokens (Causal) 51.59 50.01 4126 4299 3421 32.50
Compression-Tokens (Bidirectional) 5344 5399 4492 47.15 33.60 34.27
Mean-Pooling 56.41 55.04 4795 49.02 3472 33.15
Qwen3-4B 58.87 13.74
Compression-Tokens (Causal) 49.66 46.26 40.05 39.59 30.07 28.84
Compression-Tokens (Bidirectional) 51.06 5237 4253 45.14 28.84 29.51
Mean-Pooling 5525 5377 4543 4586 3091 28.38
Qwen3-1.7B 55.19 9.07
Compression-Tokens (Causal) 36.66 41.64 3549 34.64 2427 24.04
Compression-Tokens (Bidirectional) 4645 46.72 36.62 3893 2431 2433
Mean-Pooling 51.28 48.77 4045 39.04 25.15 2201
Qwen3-0.6B 50.85 4.78
Compression-Tokens (Causal) 39.66 36.76 2799 29.00 1823 18.20
Compression-Tokens (Bidirectional) 4098 4192 3092 33.64 18.82 18.55
Mean-Pooling 4582 43.07 3250 33.09 19.05 16.07
Gemma2-2B 57.63 15.00
Compression-Tokens (Causal) 4790 4598 39.57 39.74 32.02 29.66
Compression-Tokens (Bidirectional) 4943 4940 40.89 4270 31.79 3043
Mean-Pooling 5420 52.77 4588 45.68 3241 30.83
Llama3.2-1B 51.67 9.47
Compression-Tokens (Causal) 41.84 39.03 3373 3338 24.11 24.64
Compression-Tokens (Bidirectional) 4346 4296 35.04 3546 2491 24.56
Mean-Pooling 4797 4545 33.15 3693 2289 22.70

Table 9: Primary results with exact match (EM) as the metric.

16



Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LLMLingua2 (Qwen3-8B) 33.63 18.30 17.36
ICAE (Mistral-7B) 49.18
PISCO (Llama3.1-8B) 53.62
PCC Lite (GPT2-Large & Llama3.1-8B) 54.05 43.67 30.03
PCC Large (Llama3.1-8B) 55.17 41.79 30.10
Our Methods
Qwen3-8B 68.84 17.98
Compression-Tokens (Causal) 59.79 5858 47.07 4999 39.09 37.05
Compression-Tokens (Bidirectional) 62.50 63.58 5222 5526 38.72 39.36
Mean-Pooling 6591 65.06 55.68 56.77 39.95 37.80
Qwen3-4B 67.69 15.00
Compression-Tokens (Causal) 57.12 5417 46.06 4547 3483 3348
Compression-Tokens (Bidirectional) 59.35 6099 4892 5223 3320 3433
Mean-Pooling 64.05 6294 5277 52.82 3549 3237
Qwen3-1.7B 64.21 9.85
Compression-Tokens (Causal) 43.01 4931 41.31 4045 2845 2790
Compression-Tokens (Bidirectional) 5431 5470 4266 45.13 2833 28.04
Mean-Pooling 60.03 57.28 46.63 45.07 2896 25.82
Qwen3-0.6B 59.67 5.62
Compression-Tokens (Causal) 4636 43.62 33.07 3430 21.13 21.71
Compression-Tokens (Bidirectional) 48.04 48.84 36.11 3950 22.13 22.00
Mean-Pooling 5436 51.16 3830 38.68 2244 18.87
Gemma2-2B 66.14 16.80
Compression-Tokens (Causal) 55.50 5294 46.13 4559 36.14 33.94
Compression-Tokens (Bidirectional) 56.94 5754 4690 49.52 36.14 34.75
Mean-Pooling 62.51 6128 5255 5190 36.61 3493
Llama3.2-1B 60.30 11.09
Compression-Tokens (Causal) 48.85 4541 39.16 3851 27.54 28.01
Compression-Tokens (Bidirectional) 50.89 50.10 40.44 4191 2834 2844
Mean-Pooling 56.62 53.50 38.84 42776 2599 26.19

Table 10: Primary results with accuracy as the metric.
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Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 48.38 21.34 19.68
ICAE (Mistral-7B) 45.6
PCC Lite (GPT2-Large & Llama3.1-8B) 78.38 67.63 40.22
PCC Large (Llama3.1-8B) 79.56 62.93 41.23
Our Methods
Qwen3-8B 86.48 20.31
Compression-Tokens (Causal) 77.11 7489 57.05 62.12 4456 4235
Compression-Tokens (Bidirectional) 80.00 81.23 64.80 69.27 4430 43.86
Mean-Pooling 83.76 8275 7137 71.19 44.65 43.19
Qwen3-4B 85.75 17.72
Compression-Tokens (Causal) 7423 7131 5749 56.88 38.95 37.10
Compression-Tokens (Bidirectional) 7724 7928 60.71 6549 38.19 3841
Mean-Pooling 83.19 81.54 6820 67.47 3996 37.54
Qwen3-1.7B 83.65 12.66
Compression-Tokens (Causal) 5425 64.50 49.09 4998 31.78 30.10
Compression-Tokens (Bidirectional) 7292 7339 53.07 5736 3158 31.17
Mean-Pooling 7956  77.17 59.01 5830 3236 29.90
Qwen3-0.6B 81.55 791
Compression-Tokens (Causal) 61.67 57.52 40.29 41.60 22.06 2245
Compression-Tokens (Bidirectional) 6421 67.05 4281 46.68 22.09 2236
Mean-Pooling 74.00 70.60 48.62 48.14 2240 2045
Gemma2-2B 84.58 16.41
Compression-Tokens (Causal) 70.61 69.06 55.75 5637 37.89 35.66
Compression-Tokens (Bidirectional) 7416 7541 57777 61.75 37.72  37.00
Mean-Pooling 81.67 80.01 6638 65.64 3896 36.71
Llama3.2-1B 81.16 11.27
Compression-Tokens (Causal) 62.65 59.34 4641 4549 28.58 28.44
Compression-Tokens (Bidirectional) 6448 65.61 4899 5139 29.09 28.82
Mean-Pooling 7491 7140 4736 53.66 28.02 27091

Table 11: SQuAD F3.
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Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 53.54 29.32 26.27
ICAE (Mistral-7B) 50.01
PCC Lite (GPT2-Large & Llama3.1-8B) 68.55 59.38 43.93
PCC Large (Llama3.1-8B) 70.08 59.05 46.46
Our Methods
Qwen3-8B 84.67 26.65
Compression-Tokens (Causal) 78.85 7832 68.00 72.65 64.14 59.74
Compression-Tokens (Bidirectional) 80.24 8145 7330 76.77 6326 6244
Mean-Pooling 83.30 82.08 77.66 7841 63.88 63.77
Qwen3-4B 84.12 23.16
Compression-Tokens (Causal) 7648 7556 68.85 69.80 59.08 55.78
Compression-Tokens (Bidirectional) 78.13 7941 71.11 7460 58.38 56.87
Mean-Pooling 8220 80.77 7545 76.02 59.29 58.74
Qwen3-1.7B 80.95 18.75
Compression-Tokens (Causal) 66.69 7098 63.82 63.84 51.48 48.78
Compression-Tokens (Bidirectional) 73.73 7493 66.06 6850 52.08 50.77
Mean-Pooling 78.64 76.11 6876 68.78 50.86 49.44
Qwen3-0.6B 77.35 14.74
Compression-Tokens (Causal) 66.62 6576 55.88 5779 43.16 39.58
Compression-Tokens (Bidirectional) 6724 69.28 5844 61.79 4380 41.66
Mean-Pooling 73.00 69.58 61.13 61.08 42.76 4045
Gemma2-2B 82.55 25.18
Compression-Tokens (Causal) 75.62 7554 69.18 7042 6191 59.03
Compression-Tokens (Bidirectional) 76.55 77.60 69.64 7351 61.67 60.46
Mean-Pooling 80.93 79.85 75.10 7490 6236 61.64
Llama3.2-1B 77.96 19.34
Compression-Tokens (Causal) 69.68 68.22 6336 6296 5227 49.81
Compression-Tokens (Bidirectional) 70.74 71.01 6447 66.19 53.51 51.79
Mean-Pooling 7438 72.69 62775 66.59 51.05 50.86

Table 12: HotpotQA F}.
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Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 27.33 14.35 10.69
ICAE (Mistral-7B) 32.65
PCC Lite (GPT2-Large & Llama3.1-8B) 50.29 34.16 16.05
PCC Large (Llama3.1-8B) 50.72 32.56 16.18
Our Methods
Qwen3-8B 68.00 10.93
Compression-Tokens (Causal) 59.62 5828 46.58 4932 3341 29.37
Compression-Tokens (Bidirectional) 61.44 62.13 5148 55.68 34.17 33.61
Mean-Pooling 65.89 6474 58.17 5838 34.81 32.21
Qwen3-4B 67.12 10.40
Compression-Tokens (Causal) 57.18 55.08 46.69 4377 30.39 27.84
Compression-Tokens (Bidirectional) 58.37 60.74 48.84 5241 29.77 30.22
Mean-Pooling 6522 63.38 56.14 5542 32,66 28.99
Qwen3-1.7B 64.42 7.57
Compression-Tokens (Causal) 41.97 49.85 40.15 3949 2542 23.64
Compression-Tokens (Bidirectional) 55.68 5649 4487 4728 25.16 26.15
Mean-Pooling 60.34 58.56 4895 48.78 2691 23.60
Qwen3-0.6B 61.13 7.76
Compression-Tokens (Causal) 48.09 4630 34.68 36.05 20.10 20.69
Compression-Tokens (Bidirectional) 48.04 50.67 38.85 4035 21.29 21.07
Mean-Pooling 5648 5312 4247 4221 21.29 19.06
Gemma2-2B 66.47 10.34
Compression-Tokens (Causal) 56.17 5578 47.16 46.68 31.17 29.72
Compression-Tokens (Bidirectional) 59.20 59.51 4859 5143 3150 31091
Mean-Pooling 6429 6344 5694 5571 3342 31.79
Llama3.2-1B 61.67 9.03
Compression-Tokens (Causal) 48.57 45.60 3844 37.12 23.03 23.14
Compression-Tokens (Bidirectional) 5224 4998 40.65 42.08 23.59 23.72
Mean-Pooling 5797 55.15 3858 4623 19.53 23.17

Table 13: NarrativeQA F3.
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Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 65.65 46.46 52.55
ICAE (Mistral-7B) 70.63
PCC Lite (GPT2-Large & Llama3.1-8B) 86.43 78.03 72.50
PCC Large (Llama3.1-8B) 86.64 77.13 74.08
Our Methods
Qwen3-8B 89.65 53.79
Compression-Tokens (Causal) 89.67 89.15 8892 8550 79.36 77.55
Compression-Tokens (Bidirectional) 9044 8941 87.07 8795 7590 78.17
Mean-Pooling 87.94 86.52 8438 86.32 79.74 75.89
Qwen3-4B 90.46 43.49
Compression-Tokens (Causal) 88.49 83.28 8295 8042 7227 70.84
Compression-Tokens (Bidirectional) 91.59 90.83 86.10 87.53 67.43 74.52
Mean-Pooling 85.50 88.72 83.68 8532 71.04 67.50
Qwen3-1.7B 89.20 25.08
Compression-Tokens (Causal) 74.89 83.83 80.55 7391 61.72 64.02
Compression-Tokens (Bidirectional) 85.62 86.41 76.15 8034 6146 61.67
Mean-Pooling 85.83 8275 80.61 7594 63.03 53.77
Qwen3-0.6B 81.55 9.87
Compression-Tokens (Causal) 78.27 73.57 62.14 6479 48.97 49.69
Compression-Tokens (Bidirectional) 81.58 78.38 69.22 74.16 50.24 54.05
Mean-Pooling 8145 77.88 69.08 70.41 5245 43.08
Gemma2-2B 90.69 54.06
Compression-Tokens (Causal) 89.75 85.06 8273 79.19 77.64 73.71
Compression-Tokens (Bidirectional) 88.52 87.14 8532 84.63 78.15 73.59
Mean-Pooling 89.09 86.99 8495 8527 7530 74.29
Llama3.2-1B 82.13 31.14
Compression-Tokens (Causal) 84.40 79.82 7547 7428 65.03 67.58
Compression-Tokens (Bidirectional) 83.72 84.18 7894 73.03 64.83 68.57
Mean-Pooling 84.87 83.62 7395 76.02 62.02 60.28

Table 14: TriviaQA Verified F}.
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Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 32.79 19.56 18.76
ICAE (Mistral-7B) 27.34
PCC Lite (GPT2-Large & Llama3.1-8B) 42.51 35.36 26.44
PCC Large (Llama3.1-8B) 44.09 33.39 27.52
Our Methods
Qwen3-8B 60.44 19.15
Compression-Tokens (Causal) 4726 4597 3635 39.16 3242 31.15
Compression-Tokens (Bidirectional) 5146 51.51 40.05 4251 3254 32.69
Mean-Pooling 5371 5332 4255 45.07 3252 31.36
Qwen3-4B 57.04 17.38
Compression-Tokens (Causal) 4507 4344 3461 3434 2895 26.25
Compression-Tokens (Bidirectional) 4535 4793 36.32 3823 28.17 27.88
Mean-Pooling 5147 4849 40.36 39.09 28.84 27.31
Qwen3-1.7B 46.62 14.86
Compression-Tokens (Causal) 30.09 34.01 2929 2947 2227 22.82
Compression-Tokens (Bidirectional) 37.92 37.00 29.72 3144 2243 21.05
Mean-Pooling 4214 39.78 3233 3246 2201 22.18
Qwen3-0.6B 39.04 10.97
Compression-Tokens (Causal) 29.69 28.58 2355 2395 1880 19.46
Compression-Tokens (Bidirectional) 290.16  33.06 2547 2699 19.60 18.80
Mean-Pooling 33.84 3270 26.11 2621 19.52 18.08
Gemma2-2B 51.45 16.76
Compression-Tokens (Causal) 39.83 40.80 3393 3523 28.83 29.06
Compression-Tokens (Bidirectional) 40.76 4196 3473 3552 2947 2727
Mean-Pooling 4561 4488 37.14 36.88 28.70 28.94
Llama3.2-1B 39.75 14.30
Compression-Tokens (Causal) 30.58 2942 2627 26.66 21.04 21.63
Compression-Tokens (Bidirectional) 31.71 3030 25.77 2888 23.74 20.71
Mean-Pooling 3484 33.60 27.18 27.29 2121 20.46

Table 15: AdversarialQA F;.
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Original 4x 16x 128x No Ctx
Single Multi Single Multi Single Multi
Baseline Systems
LILMLingua?2 (Qwen3-8B) 27.42 15.32 7.56
ICAE (Mistral-7B) 28.42
PCC Lite (GPT2-Large & Llama3.1-8B) 46.31 33.25 18.14
PCC Large (Llama3.1-8B) 46.77 31.17 17.95
Our Methods
Qwen3-8B 56.77 7.49
Compression-Tokens (Causal) 49.69 4877 40.37 41771 3094 28.40
Compression-Tokens (Bidirectional) 51.65 51.68 4491 4585 3140 31.07
Mean-Pooling 5536 53.87 4895 48.63 31.79 29.12
Qwen3-4B 56.14 6.59
Compression-Tokens (Causal) 47.85 4650 40.73 4049 28.86 27.16
Compression-Tokens (Bidirectional) 49.63 50.74 4298 4460 27.72 28.07
Mean-Pooling 5474 5324 4693 47.01 2995 26.25
Qwen3-1.7B 54.75 5.09
Compression-Tokens (Causal) 37.53 4323 36.08 3538 2447 2271
Compression-Tokens (Bidirectional) 46.33 4736 39.28 39.72 2481 23.81
Mean-Pooling 52.04 50.67 4290 4255 25.16 22.02
Qwen3-0.6B 51.54 4.82
Compression-Tokens (Causal) 42.04 3938 3291 3136 20.07 19.73
Compression-Tokens (Bidirectional) 4334 4374 3415 3577 21.12 19.16
Mean-Pooling 4826 4629 38.13 37.81 2124 17.03
Gemma2-2B 56.00 7.10
Compression-Tokens (Causal) 48.10 46.86 41.66 4033 2930 27.74
Compression-Tokens (Bidirectional) 4936 49.83 4230 4372 29.85 28.81
Mean-Pooling 5439 5339 47.82 4783 31.16 2891
Llama3.2-1B 52.26 5.94
Compression-Tokens (Causal) 4197 40.07 35.08 3524 2250 23.14
Compression-Tokens (Bidirectional) 4458 44.02 3636 38.77 23.84 23.88
Mean-Pooling 4990 4692 3384 3959 17.67 21.17

Table 16: ParaphraseRC Fj.
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