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Abstract

Reranking, the second stage of modern retrieval
pipelines, is computationally expensive when
performed by Large Language Models (LLMs).
Existing efficiency-oriented approaches either
rely on smaller models or restrict input length,
both at the cost of effectiveness. Inspired by
recent advances in soft document compression
for retrieval-augmented generation (RAG), we
introduce RRK, an efficient and effective list-
wise reranker that operates directly on multi-
token compressed document representations
rather than raw text. Trained via simple dis-
tillation from a strong teacher, RRK combines
rich compressed representations with listwise
reranking to deliver a highly efficient yet com-
petitive system: despite its 7B-parameter back-
bone, it runs Sx-20x faster than smaller
rerankers (0.6—4B parameters) while matching
or outperforming them in effectiveness. The
advantage widens further on long-document
benchmarks, where input compression yields
the largest speedups.

1 Introduction

Information Retrieval (IR) is commonly under-
stood as a two-stage process: a first stage that
rapidly retrieves a set of candidate documents for a
given query, followed by a more expensive rerank-
ing phase that refines the ordering by assessing
relevance more carefully. The rise of retrieval-
augmented generation (RAG) (Lewis et al., 2020)
and, more recently, of LLM-based agents that re-
trieve and invoke tools, APIs, or external knowl-
edge at scale (Xi et al., 2025) has made high-quality
reranking more important than ever: when retrieved
items are fed directly to an LLM as context, the pre-
cision of the top-ranked results has a direct impact
on the quality of the generated answer or down-
stream decision.
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Figure 1: Effectiveness vs. efficiency on BEIR. Com-
bining compressed document representations with list-
wise scoring, our 7B RRK reranker Pareto-dominates
the baselines — lowest processing time at competitive
nDCG@10. The x-axis is processing time relative to
RRK (log scale); point labels give the document max-
length in tokens.

The dominant approach to reranking has long
been cross-encoders but Large Language Mod-
els (LLMs) have recently emerged as particularly
strong rerankers, especially when used in a listwise
setting where the model directly produces an order-
ing over a set of candidates (e.g. do > d3 > dj)
rather than scoring each document independently
(Sun et al., 2023; Ma et al., 2023a; Pradeep et al.,
2023), often pushing state-of-the-art effectiveness
on standard IR benchmarks. This gain in effec-
tiveness, however, comes at a substantial cost in
efficiency: listwise LLM rerankers must process
the concatenation of the query and all candidate
documents in a single long context, making them
considerably slower than traditional cross-encoder
rerankers (Zhuang et al., 2023; Déjean et al., 2024).

Improving the efficiency of LLM-based
rerankers without sacrificing their effectiveness is
therefore an open challenge (Zhu et al., 2024), and
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several lines of work have begun to address this
gap. A first direction reduces generation cost by
producing the full candidate ranking in a single
forward pass using first-token logits (Gangi Reddy
et al., 2024; Zhuang et al., 2023), cutting latency
by roughly 50%.

A second line of work instead trains smaller but
data-rich models (Wang et al., 2025). Yet another
direction replaces textual document representations
with IR-based embeddings: PE-Rank (Liu et al.,
2025a) compresses each document into a single
token to shorten the prompt, while E2Rank (Liu
et al., 2026) uses a unified embedding model for
both retrieval and reranking. Howeyver, single-token
compression limits representational capacity, and
query embeddings that depend on many documents
constrain efficiency gains.

A complementary line of work has developed
soft prompt compression methods to accelerate
LLMs in long-context, dialogue, and retrieval-
augmented generation (RAG) settings (Ge et al.,
2023; Rau et al., 2024; Louis et al., 2025; Pilchen
et al., 2025). These methods learn to map full
document texts into compact multi-token represen-
tations, replacing lengthy inputs with only a hand-
ful of tokens in the LLM prompt while preserving
downstream task performance. This raises a natural
question: can such soft-compressed representations
replace textual documents in reranking as well?

Contribution: We introduce RRK, an effi-
cient and effective listwise reranker built on soft-
compressed document representations. Unlike
prior efficiency-oriented approaches that rely on
IR-based single-token embeddings or smaller mod-
els, RRK leverages the soft compression litera-
ture to produce rich, multi-token document rep-
resentations, and formulates listwise reranking di-
rectly over these compressed inputs. This dras-
tically reduces the sequence length seen by the
reranker, alleviating the core efficiency bottleneck
of LLLM-based reranking without sacrificing repre-
sentational quality. Despite its 8B-parameter back-
bone, RRK matches or outperforms state-of-the-
art rerankers in effectiveness while running 5x-
50x faster, as illustrated in Figure 1. Efficiency
gains are even more pronounced on long-document
benchmarks, where input compression yields the
greatest speedups.

2 Related Work

2.1 Efficient Rerankers

LLMs have demonstrated strong potential as zero-
shot rerankers: RankGPT (Sun et al., 2023), built
on GPT-4, achieved state-of-the-art listwise rerank-
ing performance without any task-specific train-
ing. However, open-source LLMs of moderate
size often yield uninformative outputs in this set-
ting (Qin et al., 2023), motivating distillation-based
approaches such as RankZephyr (Pradeep et al.,
2023), which fine-tunes a Zephyr-7B model via
knowledge transfer to match GPT-4-level perfor-
mance. Zhuang et al. (2023) systematically com-
pare pointwise, pairwise, and listwise reranking
strategies and propose a setwise prompting method
that improves zero-shot listwise effectiveness.

A key efficiency bottleneck of listwise LLM
rerankers is the generation step: the original ap-
proach of Sun et al. (2023) explicitly generates
the identifiers of reranked documents, which is
costly. Gangi Reddy et al. (2024) already reduce
this cost by deriving the ranked order from the log-
its of the first generated token, cutting latency by
roughly 50%. More recent work eliminates gen-
eration altogether by computing reranking scores
directly from query and document representations
(Liu et al., 2026; Wang et al., 2025).

A parallel direction reduces input length by re-
placing full textual documents with compact em-
beddings. E2Rank (Liu et al., 2026) trains doc-
ument embeddings jointly for first-stage retrieval
and listwise reranking; at inference, documents are
replaced by embeddings, though the query repre-
sentation still depends on the raw text of multi-
ple documents. PE-Rank (Liu et al., 2025a), most
closely related to our work, replaces textual doc-
uments with first-stage retriever embeddings fol-
lowing Cheng et al. (2024), achieving a 4x—6Xx
speedup depending on document length, but still
relies on a sequential generation step. Liu et al.
(2025b) take a complementary approach, applying
a Matryoshka architecture to allow configurable
reranker depth and width, achieving a 2x speedup
with sequence lengths of 1024. Wang et al. (2025)
show that training a compact model (0.6B param-
eters) on large-scale data can further improve effi-
ciency, and serves as the teacher in our distillation
setup.
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2.2 Soft Compression

Soft compression methods learn to encode docu-
ments into compact token representations that can
be injected directly into an LLM prompt, replacing
full retrieved texts with only a handful of tokens.

Chevalier et al. (2023) introduce Autocom-
pressor, a recursive context compression method
trained on a language modelling objective. It ap-
pends special compression tokens to the context
and extracts their hidden states, enabling support
for longer contexts and making it applicable to doc-
ument compression in RAG-QA settings.

The In-Context Auto-Encoder (ICAE) (Ge et al.,
2023) streamlines this idea by freezing the decoder,
removing the recursive mechanism, and pretrain-
ing via a straightforward document auto-encoding
objective.

xRAG (Cheng et al., 2024) takes a different an-
gle: rather than learning new representations, it
reuses existing retrieval embeddings and introduces
a lightweight adapter that maps them into the in-
put space of a frozen decoder LLM, reducing both
storage and computational overhead.

PISCO (Louis et al., 2025) achieves the most ag-
gressive compression via knowledge distillation:
both the compressor and the decoder LLM are
trained to reproduce the outputs of a teacher given
raw text inputs, attaining a 16x compression rate
with only a 0-3% accuracy drop across RAG-based
question answering benchmarks. ARC-encoder
(Pilchen et al., 2025) further demonstrates that with
appropriate pretraining and only light fine-tuning, a
compressor can be learned without altering the tar-
get model’s architecture, reaching state-of-the-art
compression performance.

RRK builds directly on PISCO, repurposing its
compressed representations for reranking rather
than generation, and is the first work to apply soft
compression in this setting.

3 Reranking Compressed Representation

RRK! builds on the offline soft-compression frame-
work PISCO (Louis et al., 2025) and consists of two
jointly trained components: (i) a LoORA-finetuned
compressor that maps each document to a fixed-
size sequence of compressed token embeddings,
and (ii) a LoRA-finetuned decoder reranker that
assigns relevance scores to candidate documents
given a query.

'RRK: compressed version of ReRanKer

Formally, let D = {d;}, be a document collec-
tion and ¢ a query. The compressor fy,_ : d; — ¢;
maps each document to a sequence of [ compressed
embeddings ¢; = (c},...,cl). Given a candi-
date set Dy, = {dy,...,dy} from a first-stage re-
triever, the listwise reranker gy, jointly processes
the query together with all compressed candidates
and produces a relevance score s; for each docu-

ment, (s1,...,S;) = go,(q,C1,...,Ck).

Document Compression. For each document d;,
a fixed set of [ memory tokens (mj,...,my) is
appended, forming (d;; m1, ..., m;), processed by
the compressor. The final hidden states of the mem-
ory tokens yield ¢; = (¢})s=1,. ;. We fix | = 8§,
giving a 16x compression factor relative to the
128-token maximum used during PISCO training.
Compression is performed offline after training,
so document embeddings are precomputed once
and reused at inference. We show in Section 6.1
that the compressor generalises naturally to longer
documents (up to 2048 tokens).

Listwise Reranker. Following the input format
of our Jina teacher (Wang et al., 2025), the decoder
receives the query tokens in textual form, sand-
wiching the compressed document representations:

X = (g;c1; [SEP]; co; [SEP]; . . . ; c; [SEP]; q)

Repeating the query at both ends compensates for
the lack of bidirectional attention. The query rep-
resentation is taken from the final token q = H, x|,
and each document d; is represented by the hid-
den state h; at the separator token following its
compressed embeddings. The relevance score is
s; = cos(q, hy).

Training. We optimise a RankNet loss (Burges
et al., 2005; Gangi Reddy et al., 2024; Liu et al.,
2026) over preference pairs P:

L D)= Y log<1 n exp<—si - Sj>>

(i,9)eP

with temperature 7 = 1/8. Critically, the com-
pressor and reranker are trained jointly: gradients
from the ranking loss flow back through the de-
pendence of each s; on every ¢; = fy (d;), so
the compressor learns representations specifically
suited to reranking.
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Complexity. A standard LLM reranker operates
on sequences of length |¢| + k|d| with complexity
O((|q| + k|d|)?). RRK processes sequences of
length 2|q|+k(I+1), yielding O((2|q|+k(1+1))?).
Since | < |d| (I = 8 vs. |d| ~ 200 on most BelR
collections), this substantially reduces the quadratic
attention cost. quadratic attention cost.

4 Experimental Framework

Distillation and Teacher. Training high-quality
rerankers typically requires large annotated
datasets and carefully selected hard negatives (Cao,
2024). We instead adopt a distillation-based ap-
proach: a teacher reranker generates training sig-
nal, and several student models are trained on a
small, annotation-free dataset — a base LLM, a
ModernBERT baseline, and RRK. This enables a
direct, controlled comparison between compressed
and textual representations.

We retain SPLADE-V3 (Lassance et al., 2024) as
first-stage retriever and Jina Reranker V3 as teacher,
a listwise model built on Qwen 0.6B (Wang et al.,
2025) that matches Qwen3-4B in effectiveness.
Scaling to 8B yields only marginal gains (Zhang
et al., 2025).

Training Set. Our primary training collection is
MS MARCO (passage) (Bajaj et al., 2018). For
each of the 0.5 million training queries, we retrieve
the top 50 documents with SPLADE-V3, score
them with the teacher reranker, and randomly sam-
ple 16 of these documents per query for training.
No relevance judgements are required. This set-
ting is the only one where the BEIR collection can
be truly considered as out of domain. To further
boost performance, we first supplement this with
a second collection provided by Liu et al. (2026),
derived from BGE-M3 (Zhang et al., 2025): it con-
tains 150,000 queries, each paired with 16 docu-
ments scored by Qwen-32B used as a zero-shot
teacher. WE finally use the BGE collection as train-
ing set. We refer to RRK-MS as the model trained
only on the MS MARCO collection, to RRK as
the model trained on both collections (ME and
E2Rank), and to RRK-BGE when trained with the
full BGE-M3 dataset.

Backbone. We use Qwen-2.5 8B-instruct as our
backbone, since the Qwen family provides multiple
rerankers that serve as our teacher and our base-
lines, making the comparison more controlled. The
compressor itself is obtained by training a PISCO

model on this backbone, precisely following the
methodology of Louis et al. (2025).

Pointwise Variant (RRK PW). We also train a
pointwise variant of RRK for comparison purposes.
At inference time, the compressed document em-
beddings c are loaded and passed to the Qwen-2.5
8B decoder, which has been finetuned for reranking.
The decoder receives the query in its textual form
together with the compressed representation of the
document, and produces a scalar score: specifically,
a linear layer maps the final-layer hidden state of
the last token to a scalar. The model is trained with
a mean squared error (MSE) loss to reproduce the
scores assigned by the teacher reranker.

Training Details. All RRK models are trained
for 2 epochs, as additional epochs did not yield
significant improvements. We use 16 documents
per query, a batch size of 2, a learning rate of
1 x 10~*, and gradient accumulation over 16 steps;
the full finetuning takes 48 hours on a single A100
GPU. The pointwise variant uses 4 documents per
query and a batch size of 8, with comparable total
wall-clock time. For the latency experiments, all
computations were performed on a single A100
GPU, and we report per-query scoring time (for
RRK, documents are compressed offline, so only
the query-time scoring pass is timed). Each query’s
candidate documents are scored in a single for-
ward pass: for the full-text baselines a 512-token
input already saturates the GPU, so batching across
queries yields no further speedup, whereas RRK’s
compressed documents (8 tokens each) are small
enough to batch several queries together for higher
throughput. All models (ours and baselines) were
benchmarked with the identical setup: Hugging-
Face Transformers, fp16, FlashAttention-2 with its
built-in input unpadding, and no other optimiza-
tions, except for jina-v3, which uses SDPA (its
custom architecture is incompatible with the HF
FA2 path).

At inference, RRK requires access to the pre-
computed compressed representations, which we
store in a Hugging Face dataset and fetch using the
select() function; this loading step accounts for
less than 10% of the total reranking time.

5 Evaluation

For evaluation, we use standard IR benchmarks:
TREC Deep Learning 2019/2020 (Craswell et al.,
2020, 2021) and BelR (Thakur et al., 2021). For
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long-document ablations, we use the MS MARCO
Document variants of TREC-DL 2019/2020. Fol-
lowing (Déjean et al., 2024; Liu et al., 2026), we ex-
clude the BeIR ArguAna collection, which targets
counter-argument retrieval. We rerank the top-50
candidates from SPLADE-v3, which yields higher
effectiveness than using the BM25 top-100 while
also improving efficiency by reranking fewer docu-
ments. We report nDCG@10 (x 100 for legibility)
on all datasets, and measure efficiency using the la-
tency ratio, defined as the relative processing time
with respect to RRK, which is always the fastest.
Listwise rerankers (RRK, Jina-V3) are marked with
T in the tables.

As baselines, we focus on latency comparison
rather than effectiveness: we include the publicly
available Qwen-3 0.6B and 4B pointwise rerankers
(Zhang et al., 2025), which are trained on substan-
tially larger datasets (7M labeled and 12M syn-
thetic examples) and may therefore retain an ef-
fectiveness advantage. We also compare to the
teacher itself, the listwise Jina-v3 reranker, since
non-compressed listwise rerankers are typically
slower than their pointwise counterparts and this
comparison directly quantifies the speedup from
compression.

To isolate the impact of compression versus tex-
tual inputs, we also train two textual-input mod-
els under the same setting: Qwen2.5 7B (the
backbone used for RRK) and ModernBERT-large
(Warner et al., 2024), a bidirectional encoder that
is competitive in both effectiveness and efficiency.
The Qwen2.5 7B textual model serves as an up-
per bound on effectiveness despite its impracti-
cal latency, while ModernBERT provides a strong
encoder-only baseline for latency. Both are trained
with a pointwise loss.

6 Results

The main results are presented in Table 1 while Fig-
ure 1 illustrates the efficiency-effectiveness trade-
offs. We report the average processing time per
query across the full BelR dataset (31,828 queries):
detailed BelR results are given in Table 2.

Our key result is that the listwise RRK model
is the fastest system—over 2x faster than Mod-
ernBERT and up to 20 x faster than 4B parameter
models—while maintaining strong effectiveness;
RRK outperforms all baselines using 512 tokens
as input, and outperforms the 0.6B rerankers in
both effectiveness and efficiency in nearly all input

Model Len. nDCG@10 Ratio s/q.)
RRK Rerankers (QWEN2.5-7B)

RRK{-BGE 512 58.9 1 0.06
RRK{} 512 58.4 1 0.06
RRK{-MS 512 57.5 1 0.06
RRK-MS 512 57.5 x3 0.21
Public Rerankers

Jina-v3 {1 (QWEN3-0.6B) 512 59.8 x5 0.28
Qwen3-0.6B 512 57.4 x6  0.32
Qwen3-4B 512 60.3 x22  1.25
Fine-tuned models without compression

ModernBert-Large 512 57.2 x2 0.13
Qwen2.5-7B 512 59.7 x20  1.26

Table 1: Evaluation and latency of our models for the
BelR collection (12 datasets). nDCG @ 10 and latency
ratio relative to RRK. While public models perform the
best, their latency compare badly to our RRK models
using compressed document representation. f: listwise
reranker. See also Figure 1.

length configurations. Figure 1 clearly illustrates
RRK’s speed advantage.

The fine-tuned models behave as expected: the
Qwen2.5 7B textual model matches its teacher’s
effectiveness, while ModernBERT-large is substan-
tially 2x faster with acceptable effectiveness.

The pointwise RRK variant achieves lower ef-
fectiveness than the listwise RRK and is less com-
petitive overall: ModernBERT performs similarly
but is twice as fast, and Qwen-3 0.6B is compara-
ble. Nonetheless, despite its 7B size, its latency is
remarkable relative to the 0.6B models.

Overall, combining compressed representations
with a listwise objective yields a highly efficient
reranker without sacrificing effectiveness.

6.1 Reranking Long Documents

We now focus on datasets where compression sig-
nificantly enhances efficiency: specifically, datasets
containing "long" documents (those exceeding 512
tokens, a typical length for encoder-only rerankers).
We employ the MS-MARCO document collection
along with the TREC 2019/2020 evaluation set for
this purpose. The average document length is ap-
proximately 1000 tokens (Ma et al., 2023b). We
reranker the top 50 documents provided by Splade-
v3 as before. In this experiment, we test several in-
put lengths for all models: our baselines as well as
RRK: 512, 1024 and 2048. The results, presented
in Table 3 and Figure 2, are surprising: the open
rerankers underperform. Our RRK models, along
with our trained ModernBert, demonstrate impres-
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SPLADE-V3 | Jina v3i | Qwen3 4B || ModernBERT | Qwen-2.57B || RRK | RRKj

(retriever) (teacher) (text) (text)
TREC | |
DL 19 723 75.3 76.5 763 71.9 775 | 75.8
DL 20 754 66.8 75.3 76.7 79.0 776 | 711
BelR | |
TREC-COVID 74.8 87.8 88.1 89.0 87.7 86.5 | 893
NFCorpus 357 36.7 38.6 38.1 38.7 38.7 | 372
NQ 58.6 72.5 715 66.0 72.3 663 | 70.2
HotpotQA 69.2 80.3 79.1 754 784 737 | 763
FIQA 374 46.1 46.9 47.6 49.4 475 | 453
Touché 2020-v2 29.3 32.8 325 35.2 327 31.1 | 336
Quora 81.4 89.9 84.9 86.0 89.2 86.8 | 87.6
DBPedia 45.0 48.7 483 52.0 48.7 499 | 512
SCIDOCS 15.8 222 233 19.5 213 19.6 | 21.1
FEVER 79.6 91.6 90.5 88.4 89.4 848 | 853
Climate-FEVER 233 337 39.5 253 28.3 270 | 28.1
SciFact 71.0 75.6 774 754 77.6 764 | 753
AVG 51.8 59.8 60.2 || 57.9 | 594 || 575 | 584

Table 2: Detailled evaluation for the TREC DL 19/20 and BelR collections (n DC'G@10 x 100). The top 50 of the
SPLADE-v3 retrieved documents is used as input. MS-MARCO dataset as training set. For the public rerankers we
report their best performances with an input length of 2048. Trained models’ performances are reported with an
input length of 512 (no improvement with longer input for those datasets). t: listwise rerankers.

sive effectiveness. Interestingly, RRK, although
trained to compress short documents (128 tokens
in the PISCO setting), effectively handles long
documents and responds favourably to increased
document lengths within these collections, a phe-
nomenon not observed with the BelR collection.
RRK is capable of achieving a remarkable com-
pression factor up to 256 (the best result for DL20
is obtained with an input length of 2048), being ten
times faster than the pointwise Qwen 0.6B reranker
in this setting.

Figure 2 further shows that long documents sub-
stantially increase the latency of non-compressed
listwise rerankers: Jina-v3, our 0.6B-parameter
teacher, becomes as slow as the pointwise Qwen
4B reranker. This confirms that listwise reranking,
when used without compression, does not by itself
provide sufficient efficiency benefits.

Our small ModernBert model performs excep-
tionally well in this context, offering competitive
performance. We anticipated better results from
the public rerankers, particularly Jina-V3, which
was meticulously trained to handle long documents.
We suspect that the underwhelming performance
of these public rerankers may be due to the diverse
training material utilized, whereas our dataset is

domain-specific (MS MARCO). Note that these
models also underperform for the passage TREC
DL 19/20 collections (Table 2).

zoﬁas
bidrs
068 | o 2048 2048
s120f8 °
0.66 u-N /
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o 0.64 . 2/
® D .
1G] 0.62
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2 0.60 1024 p
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Relative processing time (x RRK)

Figure 2: Effectiveness vs. Efficiency on MS-
MARCO Document TREC 2020.

6.2 Ablations

We perform two types of ablations: the first exam-
ines the impact of the training dataset and teacher,
while the second investigates the process of gener-
ating the PISCO compressor.

A natural way to strengthen RRK is to add train-
ing data, so we first incorporate the set released
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Doc Lensth RRK-MST RRK7Y Jina-v37 Qwen3 4B Qwen3 0.6B MBerT

g nDCG Lat nDCG Lat nDCG Lat nDCG Lat nDCG Lat nDCG Lat
MS MARCO DOCUMENT DL19
512 68.5 1 70.6 1 62.6 x11 63.0 x13 60.3 x4 69.7 X6
1024 68.6 1 72.1 1 66.4 x24 66.9 x21 64.5 x5 70.0 x7
2048 68.6 1 72.0 1 68.3 x58 70.0 x37 65.5 x10 69.7 x8
MS MARCO DOCUMENT DL20
512 66.1 1 67.7 1 60.0 x12 58.5 x13 55.0 x4 66.3 x6
1024 66.5 1 67.0 1 62.6 x24 62.8 x20 594 X6 66.4 X7
2048 67.0 1 68.6 1 64.5 x59 66.9 x35 63.7 x10 67.4 x8

Table 3: Reranking long documents: RRK performs very well for the MS Marco Document DL 19/20 collections,
and its efficiency is even more remarkable (See also Figure 2). nDCG @ 10, latency ratio relative to RRK.

by Liu et al. (2026): 150,000 queries labelled by a
different teacher (Qwen3-32B). On its own it un-
derperforms our MS-MARCO data. Indeed it is
beaten by an equally sized (150K) MS-MARCO
subsample. We attribute this gap to E2Rank’s re-
liance on a first stage trained on a far larger cor-
pus (1.5M queries), a signal our reranking-only
use of its 150K set does not capture. Combin-
ing the two sets, however, yields a significant gain
(Table 4) and makes RRK a competitive reranker.
Interestingly, the combination also hinders the con-
vergence of the pointwise RRK: we suspect the
differing score distributions of the two teachers are
to blame, whereas the listwise variant, which uses
only ranking informationn, exploits multiple teach-
ers cleanly. Doubling the data again with the full
BGE set, RRK-BGE reaches an nDCG@10 of 58.9
(Table 4).

Table 5 reports nDCG @10 on all twelve BelR
datasets (BM25 top-100), with significance from
Fisher randomization (Bonferroni-corrected; super-
scripts) and an equal-weight per-dataset Wilcoxon
test. Under equal weighting the systems fall within
a narrow 3.3-point band (55.4-58.7), and both
RRK{t models are statistically on par with every
baseline except Qwen-4B (p=0.012, and not sig-
nificant after Bonferroni); on the six non-Wikipedia
“real out-of-domain” sets RRK is tied with jina-v3,
both ProRanks and Qwen-0.6B. Its only sizeable
deficit is on the two Wikipedia fact-checking sets
(Climate-FEVER, FEVER), which RRK{-BGE
partly recovers.

Our second ablation study focuses on how the
PISCO compressor is generated. We obtain the best
results by fine-tuning a pretrained PISCO model
(compressor and decoder). Table 6 shows that the
original frozen PISCO compressor yields poor re-
sults (55.5), whereas training the compressor from

Training set Nb. queries nDCG@10
MS-MARCO 0.50M 57.7
MS-MARCO 0.15M 57.1
E2RANK 0.15M 55.6
MS MARCO + E2RANK 0.65M 584
BGE 1.23M 58.9

Table 4: RRK evaluation on BelR (12 datasets) based
on MS Marco, E2RANK, and BGE-M3 datasets. The
0.15M MS-Marco subsamples produces better results
than the E2Rank dataset while using a smaller teacher
(0.6B/32B). Combining both improves by 0.7pt the
nDCG@10 score. Using the full BGE dataset improves
further by 0.5pt.

scratch jointly with the reranker (using a compres-
sor and a reranker LORA adapter) leads to compet-
itive performance (57.7). This demonstrates that
RRK requires high-quality compressed representa-
tions to remain competitive.

6.3 Comparison to PE-Rank and E2RANK

The methods most closely related to RRK are PE-
Rank (Liu et al., 2025a) and E2ZRANK (Liu et al.,
2026), both of which also aim to improve reranking
efficiency through compressed document represen-
tations. Table 7 compares RRK-MS and RRK with
PE-Rank and E2RANK under their evaluation pro-
tocol: reranking the top 100 documents retrieved
by BM25 (Robertson et al., 1996). We report re-
sults on the BelR subsets used by both methods:
TREC-COVID, SciFact, Web-Touché, NFCorpus,
and DBPedia.

The approach most similar to RRK is PE-Rank.
Although the two methods are conceptually related,
they differ in both their foundations and their under-
lying assumptions. Following Cheng et al. (2024),
PE-Rank assumes that first-stage dense retrieval
embeddings (Jina-Embeddings; Mohr et al., 2024)
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Table 5: Reranker comparison on all 12 BelR datasets (nDCG@ 10x 100, BM25 top-100, doc_len 512). Superscripts:
systems significantly worse under Fisher randomization (10k perm.), Bonferroni p < 0.05/21 = 0.0024. Pooled

weights queries; mean weights datasets equally.

# Model TC NFC FQ SF SD WT DBP CF FV HPQA NQ Quora  mean pooled
a jina-reranker-v3 826 378 43.1% 750 215" 346 438  31.6% 8919 801U 6] gMeE gy ohiefe 576 7720k
b ProRank-0.5B 787 376 415 7188 164 356 450" 360" 893%E  790%  s591%  g78%E 570 76.1%%
¢ ProRank-1.5B 80.3 369 448" 7964 172 335 46.1% 3697 g9.gWdels 79 ghlele 6] 4bdele  gg obdele 579 77 g0
d Qwen3-Reranker-0.6B 865" 385 397 764 204" 327 430 338" g6 772 539  865° 563 741
¢ Qwen3-Reranker-4B  85.0° 39.2° 44.4%f 792fe o3 gibedfe 364 47130 37 4bdfe  gg 7dfe 79 jdfe 59 5dfe 85.1 587  75.6%%¢
f RRK{-E2R 858 39.1 420 750  203™ 326 457 230 801 765 564 879%¢ 554 728
¢ RRK{-BGE 86.2° 392 43.0% 724 216" 347 465  28.4f 83.7f 77.4° 5759 87.1% 565 73.9f
Compressor configurations nDCG@10 Model Input Length Scoring Method
Frozen PISCO compressor 555 RRK 2lq| + k(I +1) cos(q, d;)
gompreszoglfsrocnol scratch 2;1 PE-RANK |q| + k k decoding steps
ne-tune compressor .
P E2RANK  |q| +20 x |d| +k cos(q, d;)

Table 6: Effectiveness of different PISCO compressor
configurations.

Model nDCG@10 Lat. Ratio
RRK1-MS 55.4 1.0 (0.06)
RRK T 56.5 1.0 (0.06)
E2RANK T (MS)

0.6B 53.9 x2.1
4B 56.2 x7.0
8B 56.8 x10.4
E2RANK{ (BGE)

0.6B 55.0 x2.1
4B 57.0 x7.0
8B 57.2 x10.4
PE-RANKT (7B,MS) 51.3 x7

Table 7: RRK compared to E2RANK (trained resp. with
MS-Marco and BGE datasets) and PE-RANK . Latency
estimated from (Liu et al., 2025a) and (Liu et al., 2026)

already provide effective document representations
for reranking. In other words, it treats compres-
sion inherited from an IR model as a suitable proxy.
In contrast, RRK builds on the literature on soft
compression for LLMs, which suggests that (a) rep-
resenting documents with multiple tokens is bene-
ficial, and (b) compression is most effective when
learned within the LLM itself. RRK therefore as-
sumes that compression learned through a question-
answering objective yields more fine-grained rep-
resentations than first-stage retrieval embeddings.
Our experimental results support this hypothesis.

Regarding efficiency, one might expect PE-Rank
to be faster, since it takes only k tokens as input to
rerank k£ documents, whereas RRK uses 8 tokens

Table 8: Model Input Length and Scoring Methods for
RRK, PE-RANK and E2RANK. £: number of reranked
documents, [: number of PISCO memory tokens

per document. However, PE-Rank still relies on
a final, slow decoding step to generate the ranked
sequence of document identifiers, which prevents
it from being faster than RRK (Table 8).

E2RANK provides a different comparison point.
It learns document embeddings shared by the first-
stage retriever and the reranker. While this docu-
ment representation is highly efficient, as it consists
of a single embedding per document, its query rep-
resentation is computationally expensive: to com-
pute it, the top 20 documents (in text form) are con-
catenated with the query. As a result, the overall
efficiency of the model is limited by the cost of pro-
cessing roughly 20 documents. E2ZRANK’s overall
good effectiveness compared to PE-Rank and RRK
is likely due to the use of the ES dataset (Wang
et al., 2024) a large collection (1.5M queries) dur-
ing its first-stage training.

Built on a richer compressed representation us-
ing 8 compression tokens, RRK consistently out-
performs PE-Rank in both effectiveness and effi-
ciency. It also surpasses E2RANK in speed while
achieving comparable effectiveness on the shared
datasets.

Overall, these comparisons highlight a key
distinction between the approaches. Although
all three methods rely on compressed document
representations for efficient reranking, PE-Rank
and E2RANK inherit compression from fixed IR
embeddings, whereas RRK derives a soft, task-
adaptive compression directly from the internal
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Figure 3: RRK against PE-Rank and E2ZRANK.

representations of a language model. This richer
compressed representation preserves effectiveness
without the degradation often observed with IR-
based compression (Cheng et al., 2024; Liu et al.,
2025a).

7 Conclusion

We introduced RRK, a listwise reranker that oper-
ates on soft-compressed document representations
rather than raw text. By repurposing the PISCO
compression framework— originally designed for
retrieval-augmented generation—RRK shrinks the
input sequence seen by the reranker while preserv-
ing the semantic richness needed for accurate rank-
ing.

Our experiments yield two key takeaways.
First, compressed representations enable an 7B-
parameter model to run 5x-20x faster than
rerankers an order of magnitude smaller (0.6-4B
parameters), while matching or outperforming
them in effectiveness. The advantage is particularly
pronounced on long documents, where input length
dominates the reranking cost. Second, the quality
of the compressed representation is critical: LLM-
based soft compression yields fine-grained, expres-
sive embeddings that retain ranking-relevant sig-
nal, whereas IR-based compression—constrained
by retrieval objectives—loses important semantic
detail. This explains the consistent gap we ob-
serve between RRK and prior efficiency-oriented
approaches such as PE-Rank.

These findings position LLM-based soft com-
pression as a promising direction for efficient
reranking, and more broadly suggest that compres-
sion learned for one downstream task (here, RAG)
can transfer effectively to others when paired with

appropriate training objectives.

Limitations

First, the efficiency of RRK is mostly due to its
tiny input length. This advantage holds as long as
the query itself is short. Using datasets like the
BRIGHT dataset (Su et al., 2024), where queries
length is comparable to BelR document length,
breaks this advantage and makes the RRK model
slow.

Secondly, it would be beneficial to employ
smaller PISCO-based models instead of billion-
sized ones as reranker. Unfortunately, our initial at-
tempts to use smaller models, such as 1-4B param-
eter models, have not yet been successful. Using
smaller models would lead to even better efficiency,
and may reduce the index footprint (using smaller
hidden dimensions).

Thirdly, the primary drawback of this method is
the increased data storage requirement: each docu-
ment requires ¢ X h storage, where c is the number
of memory tokens and A is the hidden dimension of
the model (3584 in our case). For the MS-MARCO
collection (8.8 million documents), a PISCO model
with 8 memory tokens results in a storage size of
230 GB when using float16 encoding. It is about
the size of the first version of Colbert indexes on
MS-MARCO (286GB cf Table 4 in Khattab and
Zaharia (2020)). We believe that additional opti-
mizations such as quantization, are likely to reduce
this footprint.
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A RRK Architecture
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Figure 4: RRK Architecture Schema

B Full comparison between RRK, PE-Rank and E2RANK models

Model TREC-Covid NFCorpus Touché DBPedia SciFact Avg
E2 RANK (BGE)

0.6B 79.2 38.6 419 42.0 73.4 55.0
4B 83.3 39.2 43.2 43.0 77.2 57.2
8B 84.1 39.1 422 43.4 77.5 57.2
E2 RANK (MS)

0.6B 80.0 37.6 36.6 41.9 73.2 53.9
4B 84.9 39.3 354 43.6 717.7 56.2
8B 85.4 39.6 36.6 44.3 78.2 56.8
PE-RANK (MS) 77.5 36.4 33.1 40.1 69.4 51.3
RRK (MS) 81.5 37.9 39.1 44.7 74.1 55.6
RRK (MS+BGE) 87.6 38.9 35.6 45.8 74.8 56.5

Table 9: RRK compared to E2RANK (trained resp. with MS-Marco and BGE datasets) and PE-RANK.
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