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Abstract

Retrieval-Augmented Generation (RAG) has
significantly advanced open-domain question
answering systems by incorporating external
knowledge into large language models. Despite
its effectiveness, existing RAG pipelines suf-
fer from critical efficiency limitations. In par-
ticular, modern transformer-based generators
exhibit quadratic or higher computational com-
plexity with respect to input sequence length
and hidden dimensionality, leading to substan-
tial inference latency as model scales and con-
textual inputs increase. This issue is exacer-
bated in RAG settings, where retrieved contexts
substantially expand the input prompt. To al-
leviate this challenge, we propose an effective
compression-based RAG framework, ConvX!,
that directly leverages indexed dense represen-
tations produced by a retriever, entirely substi-
tuting to long text contexts. Our approach ex-
pands a single dense representation into a fixed
number of memory slots using a lightweight
converter to provide rich lexical information.
This design enables efficient knowledge integra-
tion while significantly reducing input length
and computational overhead. Empirical eval-
uations demonstrate that the proposed model
achieves competitive performances compared
to the existing state-of-the-art model that uses
a large ad-hoc context compressor, while offer-
ing substantially improved inference efficiency.

1 Introduction

Large language models (LLMs) have recently
driven substantial progress in open-domain ques-
tion answering systems, owing to their ability to
generate contextually coherent responses (Minaee
et al., 2025; Zhao et al., 2025). Despite these ad-
vances, LLMs remain fundamentally constrained
by the static nature of their training data, often
struggling with queries that require specialized
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knowledge, fine-grained factual details, or up-to-
date information. These limitations hinder their
reliability in real-world applications where fac-
tual grounding and adaptability are critical (Huang
et al., 2025).

Retrieval-Augmented Generation (RAG) ad-
dresses this challenge by incorporating external
knowledge through retrieval, significantly improv-
ing factual accuracy and reducing hallucinations
(Lewis et al., 2020). As LLMs continue to scale
and support longer context windows, RAG systems
can integrate richer evidence, enabling more so-
phisticated reasoning (Gao et al., 2024). However,
this increased contextual capacity comes with a
substantial computational cost. Transformer-based
architectures incur quadratic complexity with re-
spect to input length, leading to severe inference
latency when large volumes of retrieved contexts
are appended to the prompt (Zhu et al., 2024).

To mitigate this issue, recent studies have ex-
plored compressing contexts before passing them
to the generator. Recent embedding-based com-
pression methods represent a long context using
a small set of dense vectors (a.k.a. memory slots)
through an ad-hoc compressor, offering higher com-
pression rates. However, this approach encoun-
ters critical limitations. First, they often overfit to
their training datasets, implicitly enforcing gener-
ator behavior such that memory slots function as
soft prompts rather than faithful knowledge carriers.
Second, they introduce a double-encoding problem,
as passages are encoded both by the retriever and
again by the compressor (Chevalier et al., 2023;
Ge et al., 2024). Although precomputing and in-
dexing memory slots can reduce online computa-
tion, this incurs substantial storage overhead due to
the increased number and dimensionality of stored
vectors (Rau et al., 2025). Another line of work
(Cheng et al., 2024) partially addresses these inef-
ficiencies by directly projecting retriever embed-
dings into the LLM embedding space and using
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the projected representations as alternatives to tex-
tual inputs, thereby eliminating double encoding.
However, representing an entire passage with a
single dense vector is often insufficient to capture
fine-grained lexical and compositional information,
especially for long or information-rich contents.

In this paper, we propose a simple yet effective
compression-based RAG framework called ConvX
that alleviates the above limitations. Like prior
index-based methods, our approach reuses dense
representations produced by the retriever to avoid
double encoding, but instead of relying on a sin-
gle projected embedding, we expand each retriever
representation into a fixed number of memory slots
using a lightweight converter. These memory slots
are designed to retain diverse and complementary
lexical signals from the original passage, enabling
the generator to access richer and explicit infor-
mation while maintaining a compact input rep-
resentation. Extensive experiments demonstrate
that our method achieves competitive or sometimes
better performance compared to existing ad-hoc
compressor-based approaches, while offering sig-
nificantly improved efficiency in the RAG environ-
ment.

2 Related Work

Text-Based Compression Text-based compres-
sion aims to reduce the length of input prompts
by eliminating redundant words or extracting the
salient spans directly from the raw text. For in-
stance, LLMLingua (Jiang et al., 2023) utilizes a
small language model to prune redundant tokens
based on their perplexity. In contrast, RECOMP
(Xu et al., 2023) introduces learnable compressors
that represent the context into a dense summary
or select salient sentences via end-to-end training.
However, these approaches often face limitations
in compression ratios, failing to fully address the
long-context problems.

Embedding-Based Compression Embedding-
based compression methods achieve higher com-
pression ratios than text-based approaches by con-
densing contextual information into continuous
vector representations. For example, AutoCom-
pressor (Chevalier et al., 2023) progressively con-
structs dense summary vectors by recursively con-
ditioning on previously generated summaries, ul-
timately using the collection of these vectors as a
compressed representation. In contrast, ICAE (Ge
et al., 2024), PISCO (Louis et al., 2025), and PCC

(Dai et al., 2025) compress long contexts into a
fixed set of compact memory slots in a single pass.
Despite their effectiveness in achieving high com-
pression ratios, these approaches typically rely on
an auxiliary LLM as an ad-hoc compressor, which
introduces additional computational overhead and
reduces overall efficiency.

Meanwhile, XRAG (Cheng et al., 2024) directly
injects precomputed retriever embeddings into a
target LLM by projecting them into the model’s em-
bedding space via a lightweight adapter. While this
design effectively alleviates the double-encoding
problem, it remains limited in representational ca-
pacity, as each document is represented by a sin-
gle vector and typically only the top-1 retrieved
result is incorporated, which can lead to informa-
tion loss. Inspired by the direct embedding injec-
tion paradigm of Cheng et al. (2024), ConvX ad-
dresses this limitation by expanding each retrieved
embedding into multiple representations through a
lightweight converter, thereby capturing richer lex-
ical and semantic information originally contained
in the source documents.

3 Methodology

3.1 Motivation

Recent dense retrievers pretrained on large-scale
corpora have been shown to encode rich lexical in-
formation within their dense representations (Wang
et al., 2023; Xiao et al., 2022; Ma et al., 2024).
Motivated by this property, we hypothesize that if
such latent lexical cues can be effectively recovered
or aligned when mapping retriever embeddings
into a generator’s embedding space, the genera-
tor can better interpret and utilize retrieved knowl-
edge. To this end, we propose transforming each
retriever embedding into multiple memory slots via
a lightweight converter, explicitly designed to pre-
serve passage-level lexical information and convey
it to the target LLM in a more expressive form.
Another key consideration in our architectural
design is minimizing dependency on a specific re-
triever. Since our framework directly consumes re-
triever embeddings, naively replacing the retriever
would necessitate retraining the entire model. To
address this, we decouple the converter from the tar-
get LLM, such that only the lightweight converter
needs to be retrained when the retriever is changed.
Accordingly, our training pipeline consists of three
stages: the converter is trained in the first stage and
subsequently frozen, enabling efficient adaptation
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to different retrievers without modifying the LLM.
Nevertheless, ensuring robust generalization across
diverse retrievers remains an open challenge, which
we leave for future work.

3.2 Stage 1: Pretraining Converter

The converter serves two purposes: (i) bridging
the dimensional mismatch between the retriever
and the target LLLM, and (ii) preserving lexical in-
formation from the original passage. Rather than
collapsing all lexical signals into a single dense
vector, we expand each retriever embedding into
multiple memory slots. These memory slots are ex-
plicitly supervised to encode passage-level vocabu-
laries, such that the vocabularies are distributed and
preserved across the slots. This design allows the
converted representations to retain richer lexical
coverage while remaining compact and suitable for
efficient generation.

Given a retriever-produced passage embedding,
we first partition it into M chunks:

He RM*Pr D/ = D./M, (1)
where D, is the retriever embedding dimension.
This exposes multiple semantic subspaces of the
passage instead of collapsing all information into
a single vector. The chunked embeddings are pro-
jected into the LLM embedding space via the con-
verter:

7 = Converter(H) € RM*Pq (2)

where D, is the LLM hidden dimension. The con-
verter is a three-layer network whose intermediate
layer applies multi-head self-attention over the M
memory slots, enabling interaction among slots and
preventing gradient collapse.

Vocabulary Reconstruction To encourage the
converted embeddings to recover lexical informa-
tion from the original passage, we compute token-
level probability distributions for each memory slot.
Specifically, the probabilities P ¢ RM*V are
obtained by projecting the converted embeddings
through the LLM’s language modeling head, fol-
lowed by a softmax over the vocabulary of size
V. We then aggregate these slot-level distributions
into a single passage-level vocabulary distribution
using max pooling across the M memory slots:

p" = max (softmax(LMHead(Z)))m,. (3)
me[l,M]

Then, let y € {0,1}" indicate token presence
in the original passage. The vocabulary reconstruc-
tion loss is defined as

1%
1
Lo =—7—— Y _vi-logp{™. 4
Iylh =

where normalization by ||y||; prevents the loss mag-
nitude from diminishing due to the large vocabulary
size.

Auxiliary Alignment We introduce two auxiliary
losses to align the converted embeddings with the
LLM’s internal representations. First, we compute
the LLLM hidden states for the original passage X
and calculate mean squared error (MSE) loss:

7 = QLLM(X) c R‘XIXD", (5)
Linse = ||E—Z||%, (6)

where Z and Z are averaging vectors of Z and Z over
M and | X |, respectively.

Second, we align vocabulary distributions using
KL divergence. The LLM-induced distribution is

p'™ = max (softmax(LMHead(Z))),, (7)
me[l,M]

and the KL loss is defined as
»Ckl — KL(pconv H pllm). (8)

The two objectives encourage to align the global
semantic representations of the converted memory
slots and to produce vocabulary activations consis-
tent with those induced by the LLM. The overall
converter pretraining objective is

L= 'Cnll + 'Cmse + »Ckl' (9)

All loss terms are equally weighted, which we
found to work best empirically. After Stage 1, the
converter is frozen in subsequent stages.

3.3 Stage 2: Pretraining the LLM
In Stage 2, we pretrain the target LLM to effec-

tively consume memory slots Z, which differ from
native token embeddings. We design four language
modeling tasks that expose the LLM to both single-
and multi-passage memory inputs. In the following
subsections, we denote the LLM log-likelihood as

f@() :logPGLLM(')' (10)
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Figure 1: The illustration of pretraining the converter and decoder. Note that the converter is frozen after the
pretraining so that the converted representations sustain the lexical information while pretraining and finetuning the

decoder.

Single-Passage Processing Following prior
works (Cheng et al., 2024; Ge et al., 2024; Rau
et al., 2025; Dai et al., 2025), we first construct
two tasks based on a single passage.

Single Passage Reconstruction (SPR). Given a
passage X = x1,..., x|, we encode it with the
dense retriever and convert the resulting embedding
using the pretrained converter. The LLM is trained
to reconstruct the original passage conditioned on
Z:

RS

ﬁspr = —Zf0($t|z733<t)- (11)
t=1
Next-Chunk Prediction (NCP). We split the
passage into two contiguous chunks, X, =
{z1, .;.,:rj} and Xp = {741, ..., 7x|}. Memory

slots Z are constructed only from the preceding
chunk. The LLM then continues the content in Xg:

R

Encp = - Z f@(xt|ZA7:L‘<t)'

t=j+1

(12)

Multi-Passage Processing To further improve
robustness when handling multiple retrieved pas-
sages, we introduce two additional tasks involving
multiple sets of memory slots.

Continuous Chunk Reconstruction (CCR). We
encode the both chunks Xs and Xp independently
and convert them into memory slots: Za and Zg.

The LLM reconstructs the full passage using both
memory sets:

IX|
Lew ==Y fo(zilZa,Zp,221).  (13)
t=1

Multi-Passage Reconstruction (MPR). To pre-
simulate retrieval scenarios where passages are se-
mantically unrelated, we sample two distinct pas-
sages X1 and X5 and obtain their corresponding
memory slots Zl and Zg. The LLM is trained
to reconstruct the concatenated passage Xc¢y =
[X1; X5] conditioned on both memory inputs:

| Xea|
Lope == Y folwilZ1,Z0,21).  (14)
t=1

The overall pretraining objective for the LLM is
the sum of the four task losses:
L= Espr + Encp + Eccr + Empr- (15)
During pretraining, tasks are sampled within
each batch according to predefined ratios. For sta-
bility, single-passage tasks dominate the early train-
ing phase, while the proportion of multi-passage
tasks is gradually increased as training progresses.
The overall process of pretraining the converter and
LLM is illustrated in Figure 1.
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3.4 Stage 3: Self-Distillation

Finally, we adapt the pretrained LLM to down-
stream RAG tasks. Each question is paired with
five retrieved passages, which may include irrele-
vant or noisy contexts. Training under this setting
exposes the target LLM to realistic RAG conditions,
encouraging robustness and improved generaliza-
tion in the presence of imperfect retrieval.

Since the target LLM’s original generation capa-
bility may be partially degraded during pretraining
with memory-slot inputs and the language mod-
eling objective, we restore its generative behavior
through self-distillation (Yang et al., 2024). Specifi-
cally, we generate pseudo answers using the vanilla
RAG conditioned on the original textual passages
and use these outputs as supervision, instead of re-
lying on conventional supervised fine-tuning (SFT)
that depends on short, gold-standard answers. This
self-distillation strategy enables the target LLM to
recover fluent and faithful generation while main-
taining robustness even when textual inputs are
replaced by memory slots.

4 Experiments

4.1 Experimental Setup

Implementation Details We initialize the tar-
get LLM from Mistral-7B-Instruct-v0.2? and apply
LoRA (Hu et al., 2022). Specific hyperparameters
for training full ConvX are reported in Appendix B.
The trained model checkpoint® is publicly avail-
able.

Following the RAG environment of Rau et al.
(2025), SPLADE-v3 (Lassance et al., 2024) is em-
ployed to retrieve passages but reranking is omitted
due to unspecified configurations. Instead of on-
the-fly retrieval, we construct the retrieval index
in advance and re-encode the retrieved passages
with SFR retriever (Meng, 2024) for convenience,
which is aligned with Cheng et al. (2024).

Datasets We pretrain our model on 2.5M pas-
sages from Wikipedia-KILT (Petroni et al., 2021).
For fine-tuning, we use MultiQA (Rau et al.,
2025), which comprises a diverse set of QA bench-
marks, including NQ (Karpukhin et al., 2020), MS-
MARCO (Bajaj et al., 2018), Adversarial QA (Bar-
tolo et al., 2020), HotpotQA (Yang et al., 2018),
WikiQA (Yang et al., 2015), SCIQ (Welbl et al.,

https://huggingface.co/mistralai/
Mistral-7B-Instruct-v@.2

3https://huggingface.co/bgchoi/
convx-16x-mistral

2017), ASQA (Stelmakh et al., 2022), TriviaQA
(Joshi et al., 2017), FreebaseQA (Jiang et al., 2019),
and SQuAD (Rajpurkar et al., 2018).

To ensure reliable supervision during self-
distillation, we filter out training samples for which
the answer generated by a vanilla RAG model
does not contain the annotated gold answer. For
evaluation, we report results on NQ, TriviaQA,
HotpotQA, ASQA, and PopQA (Mallen et al.,
2023). Furthermore, the passage collection* and
the dataset’ paired with retrieved passages used for
both training and evaluation are publicly released
on Huggingface to facilitate reproducibility and
enable fair comparison in future work.

Baselines We compare our approach against five
representative context compression methods: Au-
toCompressor (Chevalier et al., 2023), ICAE (Ge
et al., 2024), xRAG (Cheng et al., 2024), PCC-lite
(Dai et al., 2025), and PISCO (Louis et al., 2025),
adopting their own configuration for compression
and generation. The specifics for reproducing the
baselines are detailed in Appendix A.

Evaluation Metrics We evaluate generated an-
swers using the span exact match (spanEM) metric.
Following prior work (Dai et al., 2025; Rau et al.,
2025), we note that large language models often
produce long, free-form outputs, making strict ex-
act string matching impractical. Instead, we adopt
a containment-based variant of exact match, which
deems a prediction correct if the gold answer string
appears as a contiguous span within the generated
output.

4.2 Main Results

Table 1 summarizes the evaluation results across
five open-domain question answering benchmarks.
Overall, the proposed model, ConvX, demonstrates
competitive performance compared to the state-of-
the-art model PISCO. At both compression rates,
ConvX consistently outperforms xRAG, which
adopts a similar compression-oriented strategy, sub-
stantially narrowing the gap with the uncompressed
RAG upper bound while achieving significant effi-
ciency gains.

Notably, increasing the compression ratio to
128 x results in only marginal performance degra-
dation, suggesting that the quality and informative-

*https://huggingface.co/datasets/bgchoi/
kilt-256

5https://huggingface.co/datasets/bgchoi/
multiga_top5
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Comp. Datasets
Models . Average
ratio NQ TriviaQA  HotpotQA ASQA PopQA
RAG® - 0.609 0.861 0.423 0.525 0.528 0.589
Reference
LLMY - 0.405 0.748 0.295 0.324  0.278 0.410
AutoCompressor 20 % 0.337 0.590 0.212 0.248 0.259 0.329
ICAE 10x 0.317 0.649 0.209 0.246  0.292 0.342
xRAG 256 x 0.428 0.783 0.321 0337 0312 0.436
Baseline  PCC-lite 16x 0.290 0.623 0.170 0247  0.284 0.323
128 0.227 0.620 0.185 0.201 0.213 0.289
PISCO 16 0.562 0.831 0.385 0.449  0.481 0.542
Ours ConvX 16x 0.5341 0.846 0.372F 0.3997 03917 0.508
128x  0.5371 0.839 0.367F 0.3947  0.387" 0.505

Table 1: Performance comparison between baseline methods and the proposed model. RAG® and LLMV denote
the upper and lower performance bounds, corresponding to answer generation without compression and without
contextual input, respectively. Higher compression ratio means more efficient generation. The best results are
bolded and the second ones are underlined. Results marked with T indicate they are not statistically significant

(p>0.05).

ness of the memory slots are more critical than their
quantity. This finding highlights the importance
of preserving salient lexical cues within memory
slots for effective knowledge transfer. Qualitative
examples of such lexical cues are provided in Ap-
pendix C.

A key finding is that several baseline methods
fail to surpass the vanilla LLM lower bound, sug-
gesting that their compressed representations often
introduce noise rather than useful knowledge. We
attribute this behavior to a mismatch between their
training objectives and the requirements of RAG
inference. Specifically, these methods are opti-
mized to compress a single or a small number of
coherent contexts jointly, rather than independently
encoding multiple disjoint passages produced by
retrieval. As a result, they struggle to form stable
and informative representations when faced with
fragmented or noisy retrieval outputs.

In contrast, approaches that adopt noisy re-
trieval environment for the training, such as xRAG,
PISCO, and ConvX exhibit substantially greater
robustness. ConvX, in particular, avoids the insta-
bility of ad-hoc context compression by directly
reusing pre-computed dense retriever embeddings
and explicitly preserving lexical information at the
passage level. Memory slots are constructed in-
dependently for each retrieved passage, and the
converter is frozen after Stage 1 to decouple lexi-
cal knowledge preservation from task adaptation.
During downstream training, only the target LLM
is adapted using retrieved passages. This design

Model Datasets
NQ  AdversarialQA
AutoCompressor | 0.449 0.246
Z | ICAE 0.655 0.405
‘Oé xRAG 0.482 0.290
g | PISCO 0.723 0.430
3 | PCCHlite 16x | 0.528 0.340
ConvX 16x 0.600 0.341
AutoCompressor | 0.348 0.137
ICAE 0.393 0.155
‘1 xRAG 0.405 0.175
& | PIsco 0.471 0.204
PCC-lite 16 x 0.341 0.130
ConvX 16x 0.488 0.206

Table 2: Answer generation performance under a single-
passage setting. All evaluated datasets draw external
knowledge from Wikipedia, which is included in the
pretraining data of all baseline models, ensuring a fair
comparison.

allows the converter to function as a stable lexical
projection module, mitigating interference from
noisy retrieval and enabling memory slots to serve
as faithful carriers of passage-level lexical infor-
mation. Consequently, ConvX achieves stronger
and more robust generalization in realistic RAG
environments.

4.3 Considerations on Ad-hoc Compressors

Instability in RAG Environment Retrieved pas-
sages in RAG systems are often noisy, partially
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Figure 2: The comparisons for generated answer length
between baselines and ours across the datasets.

redundant, or entirely irrelevant. However, most
existing compression-based methods are designed
to compress a single long context into a fixed set
of memory slots under the assumption that the in-
put context is guaranteed to be relevant or explic-
itly constructed to contain the answer, which is
rarely holds in realistic RAG environments. For in-
stance, AutoCompressor is trained on open-ended
generation data without retrieval noise; ICAE re-
lies on its proprietary Prompt-with-Context (PwC)
dataset, which closely resembles single-context ma-
chine reading comprehension (MRC) settings; and
PCC-lite is fine-tuned on MRC-style data and eval-
uated in RAG settings using only positive passages.
Consequently, these models are never exposed to
irrelevant or competing evidence during training,
limiting their robustness under real-world retrieval
conditions.

Table 2 reports answer generation performance
when only a single passage is provided, explicitly
matching the compression configuration assumed
by these baselines. When the passage is guaranteed
to be relevant, several compressor-based methods
achieve strong performance, demonstrating their
ability to exploit idealized, answer-containing con-
texts. In contrast, when evaluated using a retrieved
passage, which may be noisy or irrelevant, their
performance degrades substantially. This gap re-
veals a critical limitation: even in a single-passage
setting, ad-hoc compressors struggle to generalize
once retrieval noise is introduced. These results
highlight the importance of training RAG models
under noisy retrieval conditions to ensure robust
and reliable performance at inference time.

Ad-hoc Compressor as Soft Prompts Generator
As shown in Figure 2, most baseline methods gen-
erate unusually short answers across all datasets,

Ablation Datasets
NQ TriviaQA HotpotQA ASQA PopQA
LLM-Finetuned 0.489 0.789 0.326 0.368 0.321
“ComwX | 0534 0846 0372 0399 0391
w/o Stage 1 0.549 0.847 0.381 0.405 0415
w/o Stage 2 0.529 0.826 0.352 0.388 0.368
w/o Stage 1 & 2 0.525 0.815 0.343 0.385 0.358
w/o Self-Distil 0.511 0.776 0.320 0.317 0.324
" wlo Compression | 0.602  0.867 0434 0520 0503
w/o Context 0.428 0.757 0.314 0.321 0.275

Table 3: Performances of the ablation study. Each com-
ponent shows positive effect to construct full ConvX.

even without fine-tuning the target LLM or impos-
ing explicit length constraints through instructions.
In particular, compressor-based approaches such as
PCC-lite and ICAE consistently produce extremely
short outputs. XxRAG also generates shorter an-
swers than standard RAG, despite being regular-
ized by the vanilla LLM’s logit distributions via a
KL-divergence loss. These observations suggest
that compressed memory slots encode not only con-
textual information from retrieved passages, but
also strong implicit priors inherited from the com-
pressor’s training data, such as expected answer
length and response style, which in turn constrain
the LLM’s generation behavior.

In contrast, ConvX consistently produces an-
swer lengths comparable to those of standard RAG,
while avoiding the excessive verbosity exhibited by
AutoCompressor, which is trained with open-ended
generation objectives. This robustness arises from
our training strategy: after pretraining the LLM
to consume memory slots, we adaptively fine-tune
the target LLM via self-distillation, using answers
generated by the vanilla LLM as supervision. This
procedure explicitly restores the LLM’s native gen-
eration behavior, which may be weakened during
Stage 2 pretraining, while ensuring that memory
slots serve as faithful knowledge carriers rather
than soft prompts that dictate output length.

4.4 Analysis

Ablation Study Table 3 presents the results of
our ablation study, analyzing the contribution of
each component in the ConvX training pipeline.
Removing Stage 2 results in consistent perfor-
mance degradation across all datasets, indicating
that explicitly exposing the LLM to memory-slot
inputs during pretraining is essential for effectively
utilizing the converted representations at inference
time. Without Stage 2, the LLM is required to
adapt to memory slots only during task-specific
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Heatmap for Attention Weights of Generated Answer
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Figure 3: Visualization of attention weights between the generated answer (y-axis) and the input prompt (x-axis).

The gray box indicates the position of memory slots.

fine-tuning, which limits its ability to fully exploit
the lexical information preserved by the converter.
We do not consider removing Stage 1, as it is a
fundamental component of our method that equips
the converter with the ability to recover vocabulary-
level signals from retriever embeddings.

Eliminating the self-distillation stage leads to a
substantial drop in performance, highlighting its
importance in restoring the LLM’s native genera-
tion behavior. Training solely with annotated short
answers biases the model toward shorter, extractive
outputs, whereas self-distillation helps preserve
the original generative characteristics of the LLM
while adapting it to compressed inputs. Further-
more, when retrieved passages are provided in raw
text without compression, our model achieves per-
formance comparable to RAG, which serves as an
upper-bound reference. The relatively small gap
suggests that our training strategy effectively pre-
serves the LLM’s core reasoning and generation
capabilities.

Interestingly, when Stage 1 is removed and the
converter is instead trained jointly during Stages
2 and 3 without explicitly preserving lexical infor-
mation, the model achieves the best performance.
However, this setting requires retraining the LLM
whenever the retriever is changed, which contra-
dicts our architectural objective of minimizing re-
triever dependency, as discussed in Section 3.1.

We also finetuned a vanilla LLM on the same
training dataset to examine whether the model can
learn answer distributions without access to re-
trieved documents. While this approach yields
performance improvements, it does not surpass
ConvX. Additionally, ConvX demonstrates that the
original LLM’s generation behavior is well pre-
served, as evidenced by results in the settings with-
out compression and without context, which ap-
proximate the upper bound (RAG) and the lower
bound (LLM-only), respectively.

Informative Knowledge Carrier Our goal is for
the target LLM to actively rely on memory slots
during answer generation, with the expectation that
these slots convey lexical information from the
original passages. To examine whether this behav-
ior emerges in practice, we analyze the attention
weights assigned to input prompts when generating
answers. We select a representative example in
which the vanilla LLM fails to produce a correct
answer, while ConvX succeeds.

As illustrated in Figure 3, the generated answer
attends substantially to the memory slots, indicat-
ing that the model effectively leverages them as
knowledge inputs. Notably, memory slots corre-
sponding to the fifth retrieved passage receive min-
imal attention, consistent with the fact that this
passage is irrelevant to the question. This behavior
suggests that the model can selectively attend to
informative memory slots while ignoring noisy or
irrelevant contexts.

A further observation is that, within each pas-
sage, the first memory slot consistently receives
the highest attention weight. This implies that the
LLM does not uniformly rely on all memory slots,
but instead focuses on specific slots that carry the
most salient information. This finding aligns with
the results in Section 4.2, which show diminishing
returns beyond a certain compression ratio, and
provides additional evidence that ConvX learns to
encode and exploit lexical cues efficiently through
a small number of memory slots.

Computational Efficiency Figure 4 illustrates
the trade-off between compression latency and
computational cost (GFLOPs). Compared to
xRAG, ConvX with a 16x compression ratio in-
curs slightly higher computational overhead due
to the multi-head attention operations within the
converter. However, this overhead results in only a
modest increase in latency, keeping ConvX within
a practical efficiency regime. In contrast, other
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Figure 4: Computational efficiency comparison across
models, measured in GFLOPs (log-scale) and latency
for compression.

baseline methods exhibit substantially higher com-
pression latency and computational cost because
they rely on transformer-based compressor mod-
els. Although compression is most beneficial when
generating long responses, many baseline models
produce consistently short answers, as discussed
in Section 4.3. In such cases, the additional com-
pression overhead outweighs its potential benefits,
further undermining practical efficiency, particu-
larly in latency-sensitive RAG settings.

5 Conclusion

In this paper, we proposed ConvX, a compression-
based RAG framework that bridges indexed dense
retriever representations and LLMs. Instead of
compressing retrieved text, ConvX directly em-
ploys retriever embeddings by converting them into
a fixed set of memory slots, enabling richer knowl-
edge integration while maintaining a compact input
representation. These memory slots are explicitly
trained to preserve lexical cues from the original
passages, allowing the generator to effectively ex-
ploit fine-grained context information. Extensive
experiments demonstrate that ConvX consistently
outperforms existing context compression meth-
ods, particularly in realistic RAG settings where
retrieved passages are noisy, redundant, or irrele-
vant, avoiding cross-passage interference and main-
taining stable lexical representations throughout
downstream adaptation.

We believe our results highlight the effective-
ness of lightweight converters for directly reusing

retriever embeddings as knowledge sources beyond
retrieval. An important direction for future work is
to develop more sophisticated alignment strategies
between dense retriever representations and LLM
embedding spaces, further improving robustness
and generalization across diverse retrieval models
and tasks.

Limitations

As discussed in Appendix C, not all memory slots
consistently capture informative vocabularies. This
observation indicates that the target LLM selec-
tively attends to a subset of memory slots that con-
vey salient lexical information, while ignoring less
informative ones. Consequently, memory slots do
not contribute equally to generation, resulting in re-
dundancy in the current representation. Improving
the specialization of individual memory slots so
that each encodes complementary and informative
lexical cues more consistently remains an impor-
tant direction for future work.

In addition, the current implementation of
ConvX is evaluated only with the SFR retriever in-
dex, which limits its immediate compatibility with
other retrieval models. However, because the con-
verter is frozen after Stage 1, it can in principle be
trained independently for different retrieval indices
and then plugged into the finetuned LLM. Explor-
ing such plug-and-play adaptation by pretraining
lightweight converters for diverse retrievers is an-
other promising direction for future work.
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A Details for Baselines

For AutoCompressor, ICAE, and PCC-lite, re-
trieved passages are concatenated and compressed
jointly, as this strategy yields better performance
than compressing each passage independently.

+ AutoCompressor® (Chevalier et al., 2023)
partitions long contexts into fixed-length
chunks and iteratively generates summary vec-
tors for each chunk, conditioned on the sum-
maries of preceding chunks.

» ICAE’ (Ge et al., 2024) compresses long con-
texts into a small set of memory tokens and
®https://huggingface.co/princeton-nlp/

AutoCompressor-Llama-2-7b-6k
"https://huggingface.co/sggetao/icae
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fine-tunes only the ad-hoc compressor using
LoRA. The same backbone model is used for
both the compressor and the target LLM.

» xRAG?® (Cheng et al., 2024) directly inte-
grates projected dense retriever embeddings
as knowledge inputs, eliminating explicit ad-
hoc compression. Only the projection module
is trained during both pretraining and instruc-
tion tuning.

« PCC-lite? (Dai et al., 2025) follows a simi-
lar memory-based compression paradigm but
fine-tunes only the compressor. It employs
GPT-2 Large as a lightweight compressor and
LLaMA-3-8B-Instruct as the target LLM.

» PISCO'? (Louis et al., 2025) also represents
long contexts using a limited number of mem-
ory tokens. However, unlike ICAE and PCC,
it uses the same backbone model for both the
compressor and the target LLM with different
LoRA adapters and only finetunes both the
compressor and the LLM for task adaptation.

B Training Details

In recent context compression and memory-
augmented RAG methods, multi-stage training has
become a standard practice. In particular, prior
compressor-based approaches typically involve (i)
pretraining a compression module and (ii) adapting
the target LLM. From this perspective, the only ad-
ditional component introduced by ConvX, relative
to these baselines, is Stage 1 (converter pretrain-
ing), while Stages 2-3 align with the LLM adap-
tation procedures commonly adopted in existing
approaches.

Importantly, the converter is intentionally de-
signed to be lightweight (a small 3-layer module
with attention over slots), so its cost is modest. In
our implementation, its pretraining time is roughly
half of the LLM pretraining stage. To make this
concrete, the full training pipeline required approx-
imately:

» Stage 1 - Converter pretraining: 28 GPU

hours (1x A6000 Pro 96 GB)

e Stage 2 - LLM pretraining: 60 GPU hours
(Ix A6000 Pro 96 GB)

8https://huggingface.co/Hannibale46/xrag-7b

9https ://huggingface.co/collections/
BroAlanTaps/pcc-finetuned

Ohttps://huggingface.co/naver/pisco-mistral

» Stage 3 - Self-distillation: 9 GPU hours (1x
A6000 Pro 96 GB)

The specific hyperparameters for training the
model are reported in Table 4, 5 and 6.

Stage 1 Hyperparameters

Training steps 10,000
Warmup ratio 0.03
Learning rate 1073
Scheduler type Linear
Batch size 128
Gradient accumulation steps | 1
Maximum passage length 256

Table 4: Hyperparameters for pretraining the converter.

Stage 2 Hyperparameters

Training steps 10,000
Warmup ratio 0.03
Learning rate 2x 1074
Scheduler type Linear
Batch size 4

Gradient accumulation steps | 32

Maximum passage length 256
LoRA r 8
LoRA « 32
LoRA dropout 0.05

Table 5: Hyperparameters for pretraining the LLM.

Stage 3 Hyperparameters

Training epoch 1
Warmup ratio 0.05
Learning rate 5x107°
Scheduler type Linear
Batch size 4

Gradient accumulation steps | 32

Maximum passage length 256
LoRA r 32
LoRA « 128
LoRA dropout 0.1

Table 6: Hyperparameters for the self-distillation.

C Lexical Information of Memory Slots

Table 7 summarizes the vocabularies recovered
from the converted memory slots. Our design aims

36598


https://huggingface.co/Hannibal046/xrag-7b
https://huggingface.co/collections/BroAlanTaps/pcc-finetuned
https://huggingface.co/collections/BroAlanTaps/pcc-finetuned
https://huggingface.co/naver/pisco-mistral

(Original passage) Does He Love You "Does He Love You" is a song written by Sandy Knox and
Billy Stritch, and recorded as a duet by American country music artists Reba McEntire and Linda
Davis. It was released in August 1993 as the first single from Reba’s album "Greatest Hits Volume
Two". It is one of country music’s several songs about a love triangle. Section:History. "Does He
Love You" was written in 1982 by Billy Stritch and Sandy Knox. He recorded it with a trio in which
he performed at the time, because he wanted a song that could be sung by the other two members of
the trio, both of whom were women. It had been pitched to Barbara Mandrell and Liza Minnelli, but
McEntire ended up recording it. She had wanted to include Linda Davis, then a vocalist in her road
band, as a duet partner. McEntire’s husband and manager, Narvel Blackstock, told her that MCA
Records "would rather [she] record this with somebody more established", such as Wynonna Judd or

Trisha Yearwood,

ConvX 128 x memory slots:

M;: Love, 9, du, album, Section, single, two, 1, written

Ma: es, Question, Q, vy, yes, ie, els, on, ley, rell

ConvX 16 x memory slots:

M;: Love, Du, Mc, Do, Mine, Me, Bel, Sand, Kiss, My

Ms: L, W, first, R, B,co, H,F, C,G

Mjs: love, recorded , written , relationship, career, hit, record , track, version, release

My: 2, 3,4,the, 1, a,,in, and

Ms5: es, vy, is, on, ley, ney, er, et, ing, ver
Mg: 9,0, 8,7,6,5,B,C,L,R

M+~: Q, Question, of, to, the, and

Mg: 1,the, 2,1n, and, a

My: two, single, one, three, would, time , number, year, work, several

: song, album, singer, vocal, songs , chart, music , solo, recording , studio

M;;: Billboard, Country, Love, Heart, Know, Country, Billy , Bi, Want, Records
M;js: Section, country , later, husband , band , American , wife, October, title, United

M;3: du, rem, pe, like, together, collabor, ac, often, even, along

Mjiq4: yes, rell, acks, ocal, oves, itt, icks, ais, ough, ights

Mi5: Question, Q, the, in, a, of, to, and

M;g: hits, released , performed , including, includes, charts, tells, vocals, appears, married

Table 7: Examples of lexical cues that are contained in the memory slots for the passage used for illustrating

attention heatmap in Section 4.4.

to encourage each memory slot to specialize in cap-
turing a coherent subset of lexical signals. The
results show that this behavior emerges only par-
tially: while some memory slots encode informa-
tive lexical cues relevant to the original passage,
others tend to capture high-frequency or less in-
formative tokens, such as stop words or corpus-
dominant vocabulary. For instance, in the 128 x
ConvX setting, memory slot M2 is largely domi-
nated by high-frequency tokens, reflecting distribu-
tional biases inherited from the Stage 1 pretraining
corpus. Although M; contains several informative
tokens (e.g., “Love,” “du,” “album,” and “written”),
the semantic coherence among these vocabularies
remains limited.

In contrast, ConvX 16 x provides a larger num-
ber of memory slots, enabling each slot to focus on
more coherent lexical patterns while also increas-
ing the number of slots that effectively filter out
less informative signals. This observation suggests
that the number of memory slots plays an important
role in achieving robust RAG performance.
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