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Abstract

In the RAG paradigm, document ranking de-
termines the evidence available to downstream
generators. Through controlled analysis, we
identify two phenomena underexplored by ex-
isting rankers: (i) downstream response qual-
ity depends not only on relevance but also
on the composition and ordering of selected
documents, and (ii) such preferences differ
systematically across generators. However,
existing rankers are trained purely on query—
document relevance, leaving both phenomena
unmodeled. To close this gap, we construct
PRISM, a bilingual preference-aligned dataset
built through a four-stage pipeline that com-
presses the combinatorial subset-and-ordering
space by roughly four orders of magnitude and
produces response-quality preference supervi-
sion conditioned on seven downstream genera-
tors. On a 13k-query subset of PRISM, we train
Rank4Gen, a generator-aware ranker that per-
forms joint document set selection and ordering.
Experiments on five challenging RAG bench-
marks show that Rank4Gen improves down-
stream QA quality on most evaluated gener-
ators, with per-generator F1 gains of up to
+2.08 over the strongest set-selection base-
line. Code is available at https://github.
com/JOHNNY-fans/Rank4Gen.

1 Introduction

Retrieval-Augmented Generation (RAG) grounds
large language model (LLM) outputs in ex-
ternal knowledge, mitigating hallucinations in
knowledge-intensive tasks (Lewis et al., 2020; Izac-
ard and Grave, 2021; Huang et al., 2025). Since re-
trieved documents directly determine the evidence
available to the generator, ranking quality is critical
to the overall effectiveness of RAG.

Most existing RAG systems rely on retrieval
and ranking models optimized for query—document
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Figure 1: Comparison between traditional ranking and
Rank4Gen in RAG. Traditional relevance-based ranking
may truncate crucial evidence, while Rank4Gen per-
forms generator-aware document set selection.

relevance, such as dense retrievers, neural
rerankers, and more recent LLM-based ranking ap-
proaches (Karpukhin et al., 2020; Nogueira and
Cho, 2019; Sun et al., 2023; Fan et al., 2026).
While relevance-based ranking is effective for iden-
tifying documents related to the query, relevance
alone does not fully reflect generators’ preferences
for evidence usage during generation. Recent stud-
ies show that retrieved documents containing cor-
rect answers may still fail to support correct gener-
ation, whereas seemingly less relevant documents
can sometimes better facilitate reasoning and an-
swer synthesis (Tian et al., 2025). As a result, the
mismatch between retrieval relevance and genera-
tion utility limits the effectiveness of ranking im-
provements on downstream response quality.
Moreover, most existing ranking approaches as-
sume a generator-agnostic setting, applying a sin-
gle ranking strategy regardless of the downstream
generator. In practice, different generators vary
in how they utilize retrieved context, which can
cause document selection and ordering strategies
to generalize poorly across generators, leading to
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Figure 2: Overview of PRISM and Rank4Gen. PRISM is constructed by (1) Response Quality Alignment, which
derives preferred and dispreferred ordered document sets per generator, and (2) Generator Preference Alignment,
which aggregates such pairs across diverse generators. Rank4Gen is then trained on PRISM with SFT and generator-
conditioned DPO under /index and /snapshot output modes.

unstable performance (Liu et al., 2024; Laban et al.,
2024). Recent work has explored set-level formula-
tions and LLM-based ranking approaches for RAG
to better support evidence aggregation across mul-
tiple documents (Pradeep et al., 2023; Liu et al.,
2025b; Lee et al., 2025). However, these methods
remain largely optimized for relevance-based objec-
tives and do not explicitly align ranking decisions
with downstream generation quality or account for
generator-specific preferences.

To address these issues, we pursue the goal of
Ranking for Generators. We first probe how down-
stream generators consume retrieved evidence and
identify two consistent patterns: response quality
is shaped by both subset composition and order-
ing, and the preferred arrangement varies markedly
across generators. To make these phenomena learn-
able, we construct PRISM (Preference-aligned
Ranking across dlverse generatorS and docuMent
sets), a bilingual preference-aligned dataset built
via a four-stage pipeline that operationalizes two
key principles: (1) From Ranking Relevance
to Response Quality, supervising ranking by
downstream response quality rather than query—
document relevance; and (2) Generator-Specific
Preference Modeling, conditioning supervision
on each downstream generator to capture their
distinct preferences. Building on PRISM, we

train Rank4Gen, a generator-aware ranker that
adopts a set selection paradigm (Figure 1), with
relevance SFT followed by generator-conditioned
DPO (Rafailov et al., 2023).

Across five challenging RAG benchmarks, we
compare Rank4Gen with relevance-based, LLM-
based, and set-selection baselines and conduct abla-
tion and generalization analyses, observing down-
stream gains on most of the evaluated generators.

Our contributions are summarized as follows:

* We conduct an empirical analysis of RAG
preference phenomena, showing that down-
stream response quality depends not only on
document relevance but also on subset compo-
sition and ordering, and that these preferences
differ systematically across generators.

* Building on these observations, we con-
struct PRISM, a bilingual preference-aligned
dataset that provides per-generator response-
quality supervision over both the composition
and ordering of candidate documents across
seven downstream generators.

* We propose Rank4Gen, a generator-aware
ranker trained on PRISM_ 13K, a 13k-
query subset of PRISM, with relevance SFT
and generator-conditioned DPO, and show
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through extensive experiments on five chal-
lenging RAG benchmarks that it improves
downstream generation quality on most evalu-
ated generators.

2 Related Work

2.1 Ranking Methods and Paradigms

Traditional information retrieval ranking methods
typically follow pointwise, pairwise, or listwise
paradigms. Pointwise methods independently es-
timate the relevance of each document to a given
query (Nogueira and Cho, 2019). Pairwise meth-
ods compare pairs of documents to infer their rel-
ative ordering (Qin et al., 2024), while listwise
methods model the entire candidate document list
jointly (Tang et al., 2024). With the rapid devel-
opment of LL.Ms, recent work has explored lever-
aging their strong capabilities for ranking. Some
approaches directly employ LLMs via prompting to
score candidate documents (Sun et al., 2023). Other
methods focus on distillation, transferring the rank-
ing ability of LLMs into smaller models, such as
RankZephyr (Pradeep et al., 2023). More recent
studies further introduce reinforcement learning,
optimizing ranking policies using rewards derived
from ranking metrics or preference signals (Long
et al., 2026; Sun et al., 2025).

2.2 LLM for Ranking in RAG

Early RAG systems construct generation contexts
via fixed Top-K retrieval or adaptive depth selec-
tion (Lewis et al., 2020; Jeong et al., 2024). Sub-
sequent work incorporates LLMs for reranking,
either to improve ranking effectiveness (Yu et al.,
2024; Zhang et al., 2025b) or to enhance reasoning
efficiency and reduce inference cost (Gangi Reddy
et al., 2024; Liu et al., 2025a). Other studies refor-
mulate ranking as document subset selection to con-
trol better context composition (Meng et al., 2025;
Lee et al., 2025; Zhang et al., 2025a). Despite
these advances, most methods optimize relevance-
based objectives rather than downstream genera-
tion quality, and approaches such as RankRAG (Yu
et al., 2024) unify ranking and generation in a sin-
gle LLM rather than learning a standalone ranker
for multiple downstream generators. Recent work
has begun exploring joint optimization of rankers
and generators (Shi et al., 2026).

3 PRISM Dataset

3.1 Task Definition

In the RAG setting, we consider ranking as a
generator-aware document set selection problem.
Given a query ¢, some candidate documents D =
{di,...,dn}, and a downstream generator G, the
goal of the ranker is to select a document subset and
produce an ordering over it. The resulting ordered
subset S = (d;;,di,, . ..,d;, ), where S C D, is
directly provided to the generator as contextual evi-
dence for RAG. Under this formulation, our ranker
adopts a set selection paradigm that outputs an or-
dered set of documents tailored to the downstream
generator.

3.2 Preference Phenomena in RAG

To motivate the dataset design, we first conduct a
controlled study that varies document subset com-
position and ordering across downstream genera-
tors.

For each query, we use bge-m3 (Chen et al,,
2024) to retrieve the top-5 candidate documents
and construct multiple ordered document sub-
sets under two complementary settings. The all-
positive setting enumerates all permutations of the
positive set, isolating preferences over the order-
ing of relevant evidence. The mixed-negative set-
ting retains all positives and adds sampled neg-
atives, where the joint space of orderings is too
large to enumerate; we instead probe it with six
predefined positional schemes (Figure Al in Ap-
pendix A.4), each targeting a recurring LLM long-
context regime—primacy bias (Liu et al., 2024),
recency bias, lost-in-the-middle, and endpoint an-
choring. Every ordered subset is provided to a
downstream generator under a fixed QA prompt
and evaluated against the gold answer.

Figure 3 summarizes the results across multiple
downstream generators. Different document sub-
sets and orderings lead to substantial performance
variations even when all documents are individ-
ually relevant, indicating that RAG performance
depends not only on relevance but also on evidence
composition and ordering. Moreover, preferences
vary across generators: subsets that perform well
for one generator may perform poorly for another.
These observations motivate the generator-aware
formulation above and inform PRISM construction
below.
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Figure 3: Impact of document subset composition and ordering on RAG performance across generators.

3.3 Curation Methodology

To support Rank4Gen, we construct PRISM,
a preference-aligned dataset that captures both
response-quality preferences over ordered docu-
ment subsets and per-generator preferences across
seven downstream generators.

As shown at the top of Figure 2, PRISM is
built through a four-stage pipeline: (i) corpus col-
lection; (ii) three-dimensional fusion clustering
of candidate documents; (iii) cluster-guided sub-
set sampling and phenomenon-aware positional
arrangement; and (iv) response-quality judging
and generator preference alignment. The core
challenge is that surfacing a generator’s prefer-
ences over ordered subsets is expensive: for n
candidates the joint subset-selection and order-
ing space has size ) ,_,; (Z)k!, and, for each
(¢, G), evaluating a pool of m ordered subsets
requires m downstream-generator inferences and
one listwise judge call over all resulting responses.
The dominant cost is thus repeated downstream-
generator inference across subsets and generators.
Stages (ii)—(iii) therefore compress this input space
into a small controlled pool along two structural
axes—evidence composition and evidence order-
ing—Xkeeping the per-(query, generator) judge calls
bounded. Stage (iv) then turns these ordered sub-
sets into the bilingual per-generator preference
pairs that supervise Rank4Gen.

Stage 1: Data Collection. We aggregate pub-
licly available RAG and multi-document QA
datasets: HotpotQA (Yang et al., 2018), 2WikiMul-
tiHopQA (Ho et al., 2020), MUSIQUE (Trivedi
et al., 2022), MS MARCO (Nguyen et al., 2016),
and CRUD-RAG (Lyu et al., 2025). Each instance
is normalized into a query ¢, a source-provided
gold answer a4, a supporting document set P,, and
a candidate document pool D,. The resulting bilin-
gual source pool contains 141k queries.

Stage 2: Three-Dimensional Fusion Clustering.
To avoid repeatedly sampling near-duplicate dis-
tractors from the candidate pool D, we assign each
document three binary labels along complementary
axes: a dense-semantic label, a sparse-lexical label,
and a length label.

For the two content-based axes, we apply the
same clustering recipe: K-Means with k = 2 over
L2-normalized representations. Specifically, we
use bge-m3 embeddings to obtain a dense-semantic
label ¢4 and TF-IDF unigram/bigram vectors to
obtain a sparse-lexical label c;. For the length axis,
we define 7/ = mediangep, log(1+|d’|) and set
¢ = 1[log(1+|d|) > 7'5], where |d| is the word
count of d, separating short snippets from long-
form passages. Each candidate document d € D,
is thus assigned a cluster code

o(d) = (cq, cs, cr) € {0, 1}3. (1)
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Documents with the same ¢(d) are placed in the
same cluster. This exact-match fusion produces
at most 23 = 8 clusters per query and encourages
sampled negatives from different clusters to vary
in topic, surface form, or length; the empirical per-
query cluster-count distribution is reported in Ap-
pendix A.4.

Stage 3: Subset Sampling and Positional Ar-
rangement. Given the diversity clusters, Stage 3
produces a controlled set of ordered subsets that
vary along the two structural axes targeted by
PRISM: evidence composition (which documents
are included) and evidence ordering (in what or-
der).
(a) Cluster-Guided Combination Sampling. For
each query we compose a small number of un-
ordered document bags that Stage 3(b) will later
arrange into ordered subsets. Every bag contains all
positives in P, and diverse negatives drawn from
the Stage 2 clusters, with at most one negative per
cluster so that distractors avoid near-duplicates. We
aim for roughly twice as many negatives as pos-
itives but cap the bag size at My, = 8, so the
number of negatives per bag is

rg =min(2n}, Mua —nt, [C/]), (2
where nf = |P,| and C; is the set of clusters
containing at least one negative. The three terms
encode, respectively, the target negative-to-positive
ratio, the per-bag document budget, and the avail-
able diversity. We repeat this sampling K = 3
times with a fixed random seed and remove dupli-
cate bags, yielding up to three unordered subsets
per query.
(b) Phenomenon-Aware Positional Sampling.
Rather than enumerating all |S|! orderings of
each sampled subset S, we directly apply the six
phenomenon-targeted positional templates intro-
duced in Section 3.2; per-template feasibility con-
straints on (n™, n~) (Appendix A.4) reduce some
bag-template pairs, yielding at most K - 6 = 18
ordered subsets per query.

Stage 4: Listwise Judging and Pair Extraction.
Probing inputs. Mirroring Section 3.2, we instan-
tiate two complementary regimes per query:

* All-positive regime: enumerate all n;r! permuta-
tions of P, alone (typically at most 6, as most
queries have nj < 3), isolating preferences over

the ordering of relevant evidence.

* Mixed-negative regime: apply the Stage 3(b) tem-
plates to the Stage 3(a) subsets, exposing the joint
preference over composition and ordering.

We write Q, for the resulting pool of candidate
ordered subsets per query.

Judge labeling. For each S € Q,, generator G pro-
duces an answer; an LLM-as-a-judge then receives
the gold answer a, together with all candidate re-
sponses for the query—generator pair (¢, G), and
returns a listwise ranking with a binary correctness
flag per response, scoring both reasoning and fi-
nal answer; full judge configuration is provided in
Appendix A.4.

Pair extraction. For each S € Q,, we assign it to
the preferred pool S;G if its generated answer is
labeled correct by the judge, and to the dispreferred
pool S, otherwise. For each (¢, G) we then form
a single preference pair (S;G, S,.¢) from the two
pools. Aggregating across queries and generators
yields the PRISM preference set

{(S;e: S;e) | ¢ G} ®

To let a single ranker recognize which genera-
tor it is serving, we further condition each pref-
erence tuple on generator-related information: a
unique identifier and a textual description sum-
marizing the generator’s profile. Stages 3—4 are
repeated independently for each of the gener-
ators, so the resulting tuples inherit a context
(generator id, description).

T =

Dataset statistics and preference signal. Run-
ning the full pipeline produces PRISM: 141k bilin-
gual queries probed against the seven downstream
generators, with ~990k preference pairs extracted
in Stage 4. The full collection provides a reusable
resource for studying generator-aware ranking,
while our experiments use its 13k-query training
subset, PRISM_13K. Aggregating mixed-negative
judge outputs over PRISM gives the per-template
net preference rates in Figure 4: the dominant sig-
nal is per-generator magnitude, with a ~ 0.5 gap
in net preference rate between Qwen3-8B-thinking
(top) and DeepSeek-R1-Distill-Qwen-7B (bottom)
on both languages, directly justifying generator-
conditioned supervision; template-level effects are
secondary but visible across languages.

3.4 Rank4Gen Training

Rank4Gen is trained on PRISM_13K in two
stages: relevance SFT with a preference cold
start, followed by generator-conditioned DPO. To
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the six Stage 3(b)

templates, on EN (left) and ZH (right). Red: preferred; blue: avoided.

Dataset \ Samples Language
PRISM_13K
HotpotQA (Yang et al., 2018) 4,000 en
2WikiMultiHopQA (Ho et al., 2020) 2,000 en
MUSIQUE (Trivedi et al., 2022) 2,000 en
MS MARCO (Nguyen et al., 2016) 2,000 en
CRUD-RAG (Lyu et al., 2025) 2,994 zh
Evaluation Datasets
BrowseComp-Plus (Chen et al., 2025a) 830 en
KG-MHQA (Wang et al., 2025) 307 en
ChronoQA (Chen et al., 2025b) 5,173 zh
SimpleQA (Wei et al., 2024) 4,326 en
ChineseSimpleQA (He et al., 2025) 3,000 zh

Table 1: Overview of training and evaluation datasets.
Additional details on data collection and construction
are provided in Section 3.3 and Appendix A.5.

strengthen ID—content alignment in the ranker’s
outputs, both stages share two complementary out-
put modes: /index emits only document IDs,
while /snapshot additionally appends the first 100
characters of each document after its ID. Detailed
data construction for both stages is provided in
Appendix A.4.

Relevance SFT with preference cold start. The
first stage performs SFT to teach Rank4Gen to iden-
tify positive documents from candidates, across
two slices: (i) a default slice using each query’s
positive documents in their original order under a
generic LLM description; and (ii) a per-generator
slice using the judge’s top-ranked all-positive per-
mutation under that generator’s profile as gold.

Generator-conditioned DPO. The second
stage applies DPO on preference pairs from
PRISM_13K, which span both the all-positive and
mixed-negative regimes (vs. SFT’s all-positive-
only slice). For each training pair (S;@ S,c)» the

ranker is trained to prefer S;G
generator (G’s id and description.

over S e under

4 Experiment Setup

4.1 Datasets and Metrics

Training Dataset.

We train Rank4Gen on PRISM_13K, a 12,994-
query subset of PRISM sampled under computa-
tional constraints. Detailed dataset statistics are
reported in Table 1.

Evaluation Datasets. We evaluate Rank4Gen
on two groups of RAG benchmarks. The first group
focuses on complex reasoning, including multi-
hop and temporal question answering, and consists
of BrowseComp-Plus (Chen et al., 2025a), KG-
MHQA (Wang et al., 2025), and ChronoQA (Chen
et al., 2025b). The second group targets factual-
ity evaluation and includes SimpleQA (Wei et al.,
2024) and ChineseSimpleQA (He et al., 2025), for
which we additionally augment candidate docu-
ments to enable RAG-based inference.

Metrics. Following prior work, we evaluate
downstream response quality using Exact Match
(EM) and F1 scores, computed between the gener-
ated responses and the ground-truth answers (Yu
et al., 2024); details in Appendix A.3.

4.2 Baselines

We evaluate Rank4Gen against a broad set of
baselines across seven downstream generators,
including LLM-based ranking methods under
Pointwise, Listwise, and Set Selection paradigms
(see Appendix A.2 for details). We also in-
clude distillation-based ranking methods, including
RankZephyr (Pradeep et al., 2023) and SETR (Lee
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BrowseComp+ | KG-MHQA | ChronoQA SimpleQA CN-SimpleQA Avg.
Ranker Generator EM FIl |EM Fl |EM Fl | EM Fl | EM Fl EM  FI
Without RAG
Qwen3-8B 0.12 353 | 065 336 | 284 2418 | 280 9.73 | 1467 4627 | 422 1741
; gemma-3-12b-it 0.00 245 0.65 321 1.70  13.66 | 4.28 11.54 | 9.07 34.28 3.14 13.03
Llama-3.1-8B-Instruct 0.00 1.50 0.65 2.76 | 2.01 20.77 | 4.05 9.45 6.30 30.61 2.60 13.02
DeepSeek-R1-Distill-Qwen-7B | 0.12 1.62 033 248 145 21.80 1.16 5.16 2.50 26.69 1.11 11.55
Embedding
Qwen3-8B 1771 23.03 | 554 889 | 7.85 3273 | 60.80 75.55 | 31.87 4871 | 2475 37.78
bge-m3 gemma-3-12b-it 15.54 19.82 | 554 852 | 273 1505 | 61.30 76.28 | 25.83 4437 | 22.19 32.81
2 Llama-3.1-8B-Instruct 10.72 1575 | 456 695 | 4.60 3038 | 59.02 73.87 | 1533 36.60 18.85 3271
DeepSeek-R1-Distill-Qwen-7B | 2.41 537 | 358 598 | 048 17.01 | 13.64 3563 | 18.07 3560 | 7.64 19.92
Pointwise”
Qwen3-8B 46.02 5520 | 6.19 11.40 .39 36.83 | 60.56 7575 | 30.83 48.09 | 30.60 45.45
Pointwise-Vanilla gemma-3-12b-it 3944  46.64 | 6.19 11.23 | 3.15 16.77 | 60.61 7630 | 24.83 4294 | 26.84 38.78
Llama-3.1-8B-Instruct 3338 4247 | 586 9.08 | 539 3352 | 5834 73.66 | 1580 36.60 | 23.75 39.07
DeepSeek-R1-Distill-Qwen-7B | 8.31 1547 | 554 930 | 0.81 21.14 | 1424 3555 | 17.07 34.10 | 9.19 23.11
Listwise”
Qwen3-8B 2988 3777 | 7.82 11.52 | 825 34.13 | 59.69 7479 | 32.60 49.40 | 27.65 41.52
Listwise-Vanilla gemma-3-12b-it 2542  31.08 | 7.82 12.20 | 3.17 16.12 | 60.33 75.65 | 27.03  45.11 | 24.75 36.03
Llama-3.1-8B-Instruct 23.01 3025 | 6.51 9.76 | 520 32.11 | 58.07 7356 | 17.03 3880 | 21.96 36.90
DeepSeek-R1-Distill-Qwen-7B | 4.46 892 | 6.19 9.80 | 0.83 19.00 | 13.71 35.60 | 19.07 37.10 | 8.85 22.08
Qwen3-8B 4506 53.74 | 749 12.09 | 9.09 3575 | 61.35 7638 | 31.60 48.83 | 30.92 4536
RankZephyr gemma-3-12b-it 41.57 4890 | 7.17 1123 | 3.02 15.89 | 61.65 76.95 | 25.83 44.45 | 27.85 39.48
phy Llama-3.1-8B-Instruct 3458 4371 6.51 9.30 | 5.06 33.26 | 58.00 7398 | 1453 36.74 | 2374 39.40
DeepSeek-R1-Distill-Qwen-7B | 7.71 1445 | 619 924 | 058 1848 | 13.80 36.46 | 17.43 3531 9.14 2279
Set Selection

Qwen3-8B 4554  53.87 | 814 12.76 | 8.89 35.05 | 61.03 7576 3577 51.58 | 31.87 45.80
SetSelection-Vanilla gemma-3-12b-it 46.63 53.52 | 749 12.09 | 452 1828 | 6147 76.82 2940 4697 | 2990 41.54
Llama-3.1-8B-Instruct 39.76  48.77 | 6.84 1046 | 4.68 35.68 | 59.96 7534 33.10 56.69 | 28.87 45.39
DeepSeek-R1-Distill-Qwen-7B | 15.90 25.06 | 6.84 11.18 | 8.14 34.62 | 36.04 5523 3327 5031 | 20.04 35.28
Qwen3-8B 29.64 3371 | 586 9.0 | 9.59 36.89 | 53.95 67.42 | 32.83 49.58 | 2637 39.34
SETR gemma-3-12b-it 28.67 3241 5.86 9.55 | 4.62 19.55 | 54.14 68.36 | 26.67 4497 | 23.99 3497
Llama-3.1-8B-Instruct 25.06 30.33 | 554 8.64 | 5.08 3543 | 5349 6751 | 23.47 46.16 | 22.53 37.61
DeepSeek-R1-Distill-Qwen-7B | 11.57 17.83 | 456 823 6.19 3170 | 31.16 48.83 | 27.07 43.65 16.11  30.05
Qwen3-8B 46.51 5591 | 8.14 14.12 | 928 36.23 | 59.80 7526 35.83 52.84 | 31.91 46.87
RankdGen gemma-3-12b-it 46.87 54.88 | 847 14.01 | 543 20.64 | 61.35 7631 3170 50.64 | 30.76 43.30
Llama-3.1-8B-Instruct 42.05 5286 | 7.49 12.05 | 574 37.66 | 60.10 76.09 33.47 58.21 | 29.77 47.37
DeepSeek-R1-Distill-Qwen-7B | 18.43 31.14 | 8.14 13.06 | 7.29 35.62 | 3491 55.80 33.17 51.16 | 2039 37.36

Table 2: Main results on five RAG benchmarks using different rankers and representative generators. Performance
is reported using Exact Match (EM) and F1, computed at the token level for English and the character level for
Chinese. 7 denotes that the top-10 retrieved documents are used. The best and second-best results are highlighted in

bold and underline for each generator, respectively.

et al., 2025), using Gemini-2.5 Flash Lite! as the
teacher model, and the dense embedding retriever
bge-m3 (Chen et al., 2024) as a first-stage retrieval
baseline. For fair comparison, all LLM-based meth-
ods are trained on the same PRISM_ 13K training
set.

4.3 Implementation Details

We use Qwen3-8B as the backbone. Baselines
use two epochs of SFT, while Rank4Gen uses one
epoch of SFT followed by one epoch of DPO. All
models are trained using ms-swift (Zhao et al.,
2025), with a learning rate of 1 x 10~° and a warm-
up ratio of 0.05, on 8 NVIDIA H20 GPUs. At
inference, the Rank4Gen ranker uses temperature
0. All downstream generators evaluated in this
work follow the same decoding schedule, starting
at ' = 0 and only escalating to 0.7 then 1.0 when

1https ://docs.cloud.google.com/vertex-ai/
generative-ai/docs/models/gemini/2-5-flash-1lite

the answer-format parser fails.

S Experiment Analysis

5.1 Main Results

Table 2 reports the main results on five RAG bench-
marks across four representative downstream gen-
erators, with full results provided in Table A2.
Overall, Rank4Gen improves downstream response
quality on most datasets and generators.

Pointwise and listwise ranking methods achieve
competitive performance in certain settings, but
their performance is less stable across benchmarks
and downstream generators, likely because their
reliance on top-k selection from a global ranking
limits adaptation to query- and generator-specific
subset preferences.

Distillation-based methods show mixed perfor-
mance across datasets and generators. Their ef-
fectiveness appears sensitive to the capability and
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.. . BrowseComp+ | KG-MHQA ChronoQA SimpleQA CN-SimpleQA Avg.

Training Setting  Infer. Mode Generator EM Fl ‘ EM Fl EM Fl ‘ EM Fl EM Fl EM Fl
Qwen3-8B 3398 41.05 | 7.17 12.01 | 829 3480 | 61.78 76.60 | 32.30 49.08 | 28.70 42.71
Qwen3-8B Jindex gemma-3-12b-it 2193 26.03 | 749 1191 | 3.07 15.17 | 62.00 77.49 | 25.17 4270 | 23.93 34.66
Zero-shot Llama-3.1-8B-Instruct 17.71 2370 | 5.86 9.05 | 524 3281 | 5837 7394 | 1507 36.65 | 2045 3523
DeepSeek-R1-Distill-Qwen-7B | 4.58 945 | 456 822 | 230 21.30 | 19.19 39.84 | 17.77 3459 | 9.68  22.68
Qwen3-8B 46.51 5591 | 8.14 14.12 | 9.28 36.23 | 59.80 75.26 | 35.83 52.84 | 31.91 46.87
Jsnapshot gemma-3-12b-it 46.87 54.88 | 847 14.01 | 543 20.64 | 6135 7631 | 31.70  50.64 | 30.76 43.30
P Llama-3.1-8B-Instruct 42,05 52.86 | 749 12.05 | 5.74 37.66 | 60.10 76.09 | 33.47 5821 | 29.77 47.37
SET+DPO DeepSeek-R1-Distill-Qwen-7B | 1843  31.14 | 8.14 13.06 | 7.29 35.62 | 3491 5580 | 33.17 51.16 | 20.39 37.36
Qwen3-8B 4578 5451 | 8.14 14.04 | 9.28 36.15 | 57.51 7273 | 33.40 50.77 | 30.82 45.64
Jindex gemma-3-12b-it 44.10 5245 | 879 14.19 | 5.16 2220 | 59.04 74.14 | 31.70  50.50 | 29.76 42.70
Llama-3.1-8B-Instruct 38.67 4883 | 6.84 11.22 | 578 37.67 | 58.88 74.61 | 26.87 53.13 | 27.41 45.09
DeepSeek-R1-Distill-Qwen-7B | 18.67  29.55 | 7.17 1246 | 4.68 3240 | 3322 5339 | 29.90 47.81 | 18.73 35.12
Qwen3-8B 4434 5291 | 814 1323 | 8.87 3555 | 5693 71.89 | 3410 50.52 | 30.48 44.82
SET fsnapshot gemma-3-12b-it 4542 5370 | 749 13.08 | 437 1830 | 57.63 7299 | 29.77 4840 | 2894 41.29
Llama-3.1-8B-Instruct 39.16  49.26 | 7.17 11.83 | 437 3489 | 57.88 73.65 | 31.50 56.09 | 28.02 45.14
DeepSeek-R1-Distill-Qwen-7B | 17.23  28.81 | 6.84 12.04 | 7.85 34.30 | 3347 53.37 | 33.67 5123 | 19.81 3595
Qwen3-8B 46.02 5447 | 7.82 13.33 | 8.83 34.60 | 59.45 7456 | 3407 50.83 | 31.24 45.56
SFT+DPO Jindex gemma-3-12b-it 4422 5197 | 7.82 1296 | 472 2036 | 6144 7635 | 31.60 5045 | 29.96 4242
Index-only Llama-3.1-8B-Instruct 39.76  50.00 | 7.17 11.72 | 489 34.61 | 59.75 76.03 | 26.87 5198 | 27.69 44.87
DeepSeek-R1-Distill-Qwen-7B | 14.10 2638 | 7.17 11.76 | 4.85 3142 | 33.77 54.22 | 3020 47.20 | 18.02 34.20

Table 3: Ablation study results with different training settings and inference modes for Rank4Gen. The best and
second-best results are highlighted in bold and underline for each generator, respectively.

preference biases of the teacher model, which may
not generalize consistently across different RAG
benchmarks or generator configurations.

Compared to these baselines, the full Rank4Gen
model, trained with relevance SFT and preference
DPO and leveraging both /index and /snapshot
reasoning modes, improves downstream quality for
most evaluated generators. Relative to the strongest
baseline SetSelection-Vanilla, Rank4Gen yields
F1 gains of +1.07 to +2.08 across the four rep-
resentative generators, averaging +1.72. Together
with the broader results in Table A2, these find-
ings suggest that response-quality alignment and
generator-specific preference modeling can bene-
fit downstream QA across a range of generators,
although the magnitude of improvement varies by
model.

5.2 Training-Stage and Reasoning-Mode
Ablation

Table 3 presents ablation results for key compo-
nents of Rank4Gen. By comparing variants trained
with different configurations, we analyze the ef-
fects of relevance-based initialization, preference
optimization, and reasoning modes.

The backbone model handles simple factual
queries zero-shot but its document selection does
not generalize across generators. Relevance SFT
provides a strong foundation for relevance-aware
selection, yet performance still varies noticeably
across downstream generators under generator-
agnostic objectives. Introducing DPO improves
overall performance and leads to more stable be-
havior across generators, highlighting the benefit
of answer-quality-based preference optimization.

When combined with the /index mode, the
/snapshot reasoning mode provides additional
gains in some settings, though its effect is not con-
sistently observed across all datasets.

Generator Setting BrowseComp+  ChronoQA
EM F1 | EM F1

w/o RAG 0.24 226 | 065 217

Ministral-3-14B Rank4Gen default | 3578  49.04 | 0.85 21.78
Rank4Gen 36.27 50.89 | 093 2223

w/o RAG 241 5.41 1.30  3.79

DeepSeek-V3.2  Rank4Gen default | 52.53  63.04 | 7.60 33.37
Rank4Gen 5373  63.04 | 797 3356

Table 4: Generalization results on BrowseComp+ and
ChronoQA with two OOD generators.

5.3 Generalization to Unseen Generators

We evaluate the generalization ability of Rank4Gen
on unseen generators that are not included dur-
ing PRISM construction. Specifically, we con-
sider an additional open-source LLM and a large-
scale proprietary LLM, with details provided in
Table Al; despite the name overlap, the unseen
DeepSeek-V3.2 is from a different family than the
seen DeepSeek-R1-Distill-Qwen-7B, which is dis-
tilled from Qwen.

As shown in Table 4, Rank4Gen lifts these un-
seen generators from near-zero accuracy without
RAG (e.g., Ministral 2.26 F1 on BrowseComp+) to
competitive performance under the default mode,
where no generator information is specified, indi-
cating that gains stem from the learned evidence-
selection prior rather than intrinsic generator abil-
ity. When generator identifiers and descriptions are
provided, performance further improves, indicating
that Rank4Gen can effectively leverage generator
information to better adapt document selection and
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ranking to new generators.

6 Conclusion

In this work, we start from an empirical study:
in RAG, downstream response quality is shaped
by which documents are selected and how they
are ordered, and the preferred arrangement dif-
fers markedly across generators. To turn these
phenomena into supervision, we build PRISM, a
bilingual preference-aligned dataset whose four-
stage pipeline yields response-quality preference
pairs conditioned on seven downstream generators.
Trained on a 13k-query subset, Rank4Gen unifies
set selection and ordering in one generator-aware
ranker, achieving downstream gains on most evalu-
ated generators across five RAG benchmarks and
transferring to unseen generators in default mode.

Limitations

This work has a few limitations, primarily related
to data scale, preference optimization behavior, and
data requirements.

Due to computational constraints, Rank4Gen is
trained on the sampled PRISM_13K subset rather
than the full collection. Although constructing
PRISM incurs a substantial one-time cost, releas-
ing the full dataset will allow this resource to be
reused in future research. Training on the complete
collection may further improve model capacity and
robustness.

From the evaluation results after DPO training,
we observe that downstream F1 scores tend to im-
prove, while Exact Match (EM) may decrease for
some generators, as shown in Table 3. This sug-
gests a trade-off introduced by preference optimiza-
tion with mixed positive and negative document
subsets, which can encourage the ranker to select
larger or more diverse document sets. As a result,
generators may produce longer reasoning processes
and more diverse responses, improving partial cor-
rectness without always achieving exact matching.

In addition, PRISM construction relies on
datasets with annotated positive and negative doc-
uments. Applying our data construction pipeline
to fully unlabeled corpora would require additional
large language model-based annotation modules,
which may introduce additional annotation cost and
limit scalability in such settings.

Finally, we represent each generator using a
fixed identifier and a textual description generated
through a RAG-based pipeline. While manual cor-

rection mitigates potential hallucination artifacts,
this static representation may not fully capture
the generator’s context-dependent evidence prefer-
ences. Future work could explore more dynamic
generator representations, for example, by allow-
ing the ranker to interact with the generator before
ranking to infer its characteristics from contextual
signals and adapt document selection accordingly.

Ethical Considerations

This work uses only publicly available datasets
and models that can be accessed through official
sources, and all such resources are properly cited.
The construction of PRISM does not involve hu-
man annotation, and all preference signals are de-
rived automatically through model-based evalua-
tion. During the course of this project, Al assis-
tants were used solely to support auxiliary tasks
such as coding assistance and text polishing. These
tools were used in a responsible manner and did
not replace human judgment in research design,
experimentation, or result interpretation.
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A Supplementary Dataset and
Experiment Details

A.1 Generator Configuration

Table Al lists the generators considered in this
work, including those within PRISM, which are
used during PRISM construction and Rank4Gen
training, and those without PRISM, which are ex-
cluded and only used for evaluating generalization
to unseen generators. Figures A3 and A4 present
example generator descriptions in English and Chi-
nese, respectively.

Generators within PRISM

Qwen3-8B
gpt-0ss-20b
gemma-3-12b-it
Qwen3-8B-thinking
Qwen2.5-7B-Instruct
Llama-3.1-8B-Instruct
DeepSeek-R1-Distill-Qwen-7B

Generators without PRISM

Ministral-3-14B-Instruct-2512
DeepSeek-V3.2

Table Al:
PRISM.

Generators within PRISM and without

A.2 Baseline Description

Positives-first

() o (o) () (5
Positives-in-the-middle [ o) (dposs ]
oL )
Positive-block-first Ao (Ao ]

o)
o)
)

Positives-last

(4
Negative-block-first [ Aher) |dpos2 -
Positive-at-both-ends [ doegy) (dnegs .
_

Figure Al: The six predefined positional templates used
in Section 3.2 and Stage 3(b).

We provide detailed training setups on
PRISM_13K for three basic ranking paradigms:
pointwise, listwise, and set selection.

Pointwise Ranking. The pointwise paradigm
treats document ranking as a binary relevance clas-
sification problem. Each candidate document is
independently scored with respect to the query us-
ing a binary relevance label (e.g., yes/no), where

2500

2000

1500

Number of queries

1000

500

2 3 4 5 6 7 8
Number of document clusters

Figure A2: Distribution of the number of clusters de-
rived from the fused three-dimensional coordinate rep-
resentation.

documents annotated as positive in PRISM_13K
are treated as relevant. The ranker is trained to
predict the relevance of each document individu-
ally, and documents are ranked by their predicted
scores.

Listwise Ranking. The listwise paradigm takes
the full set of candidate documents as input and
directly outputs an ordering over all candidates.
During training, the ranker is optimized to promote
positive documents to higher positions in the output
ranking, while documents are otherwise ordered
according to their original retrieval order when no
preference is specified.

Set Selection. The set selection paradigm focuses
on selecting and ordering only the positive docu-
ments. Given the full candidate document set as
input, the ranker outputs an ordered subset consist-
ing of all positive documents, with their relative
order learned during training and their original re-
trieval order preserved when ties occur.

A.3 Answer Extraction and Metric
Computation

All downstream generators are prompted to emit a
structured response of the form “Reasoning:
Answer: ”. Given a raw model output, we
extract the predicted answer with the following
procedure:

1. Marker matching. If the boldfaced marker
*xAnswer : *x appears, we split on its last oc-
currence and take the trailing segment as the
predicted answer; otherwise we fall back to the
plain Answer: marker, again splitting on the
last occurrence. Trailing whitespace is stripped.
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BrowseComp+ | KG-MHQA ChronoQA SimpleQA CN-SimpleQA Avg.
Ranker Generator EM Fl |EM FI ‘ EM  Fl ‘ EM Fl | EM Fl | EM Fl
Without RAG
Qwen3-8B 0.12 3.53 0.65 336 | 2.84 24.18 2.80 9.73 14.67  46.27 4.22 17.41
gpt-0ss-20b 0.24 0.83 098 2.79 .72 2778 3.26 11.11 6.87 37.48 2.61 16.00
gemma-3-12b-it 0.00 2.45 0.65 321 | 1.70 13.66 | 428 11.54 | 9.07 3428 | 3.14 13.03
- Qwen3-8B-thinking 0.00 1.14 065 296 | 2.07 2221 3.17 9.99 1447 4433 4.07 16.13
Qwen2.5-7B-Instruct 0.12 2.54 0.65 2.82 | 056 1343 1.04 4.34 0.90 16.58 0.65 7.94
Llama-3.1-8B-Instruct 0.00 1.50 0.65 276 | 2.01 20.77 | 4.05 9.45 6.30 30.61 2.60 13.02
DeepSeek-R1-Distill-Qwen-7B | 0.12 1.62 | 033 248 | 145 2180 | 1.16 516 | 250  26.69 .11 11.55
Pointwise”
Qwen3-8B 46.02 5520 | 6.19 11.40 | 9.39 36.83 | 60.56 75.75 | 30.83 48.09 | 30.60 45.45
gpt-0ss-20b 3313 4339 | 6.19 866 | 226 1838 | 41.22 59.89 | 19.20 43.23 | 2040 34.71
gemma-3-12b-it 39.44 4664 | 6.19 1123 | 3.15 16.77 | 60.61 7630 | 24.83 4294 | 26.84 38.78
Pointwise-Vanilla Qwen3-8B-thinking 49.28 56.80 | 7.82 12.57 | 8.58 34.02 | 58.88 7422 | 27.40 45.13 | 30.39 44.55
Qwen2.5-7B-Instruct 12.53 3037 | 489 930 | 421 3095 | 23.16 42.80 | 9.90 27.36 10.94 28.16
Llama-3.1-8B-Instruct 3338 4247 | 586 9.08 | 5.39 3352 | 5834 73.66 | 1580 36.60 | 23.75 39.07
DeepSeek-R1-Distill-Qwen-7B 8.31 1547 | 554 930 | 0.81 21.14 | 1424 3555 | 17.07 34.10 9.19  23.11
Listwise”

Qwen3-8B 29.88 37.77 | 7.82 11.52 | 825 34.13 | 59.69 74.79 | 32.60 49.40 | 27.65 41.52
gpt-0ss-20b 2398 3195 | 7.82 1098 | 4.16 26.55 | 49.75 67.53 | 28.07 56.00 | 22.76 38.60
gemma-3-12b-it 2542  31.08 | 7.82 12.20 | 3.17 16.12 | 60.33 75.65 | 27.03  45.11 2475 36.03
Listwise-Vanilla Qwen3-8B-thinking 31.57 3878 | 8.14 1222 | 7.50 33.01 | 59.92 7534 | 30.87 4747 | 27.60 41.36
Qwen?2.5-7B-Instruct 9.52 2129 | 554 937 | 433 2941 | 2323 4251 | 10.10 27.92 | 1054 26.10
Llama-3.1-8B-Instruct 23.01 30.25 6.51 9.76 | 520 32.11 | 58.07 7356 | 17.03 38.80 | 21.96 36.90
DeepSeek-R1-Distill-Qwen-7B | 4.46 8.92 6.19 9.80 | 0.83 19.00 | 13.71 35.60 | 19.07 37.10 8.85  22.08
Qwen3-8B 4506 53.74 | 749 12.09 | 9.09 3575 | 61.35 76.38 | 31.60 48.83 | 30.92 4536
gpt-0ss-20b 3217  43.00 | 6.84 9.07 | 1.99 17.19 | 4131 60.11 | 21.23  46.03 | 20.71 35.08
gemma-3-12b-it 41.57 4890 | 7.17 1123 | 3.02 15.89 | 61.65 76.95 | 25.83 44.45 | 27.85 3948
RankZephyr Qwen3-8B-thinking 43.61 5133 | 8.14 11.61 | 8.14 3325 | 59.27 74.64 | 28.03 4588 | 29.44 43.34
Qwen?2.5-7B-Instruct 1699 31.87 | 586 9.40 | 410 30.57 | 23.35 43.12 | 883 2693 | 11.83 2838
Llama-3.1-8B-Instruct 3458 4371 | 651 930 | 5.06 3326 | 58.00 73.98 | 14.53 36.74 | 23.74 39.40

DeepSeek-R1-Distill-Qwen-7B | 7.71 1445 | 6.19 924 | 0.58 1848 | 13.80 3646 | 1743 3531 9.14 2279

Set Selection

Qwen3-8B 4554 53.87 | 814 12.76 | 8.89 3505 | 61.03 75.76 | 3577 51.58 | 31.87 45.80

gpt-0ss-20b 4241 51.61 | 7.82 11.87 | 9.14 37.57 | 54.37 72.64 | 39.10 62.83 | 30.57 47.30

gemma-3-12b-it 46.63 53.52 | 749 12.09 | 452 1828 | 6147 76.82 | 29.40 46.97 | 29.90 41.54

SetSelection-Vanilla Qwen3-8B-thinking 48.80 5587 | 8.14 1252 | 8.76 34.71 | 61.21 76.13 | 3440 50.19 | 32.26 45.88
Qwen2.5-7B-Instruct 2048 3491 | 6.84 10.83 | 450 28.82 | 29.43 48.13 | 10.10 2747 | 14.27 30.03

Llama-3.1-8B-Instruct 39.76 4877 | 6.84 1046 | 4.68 3568 | 59.96 75.34 | 33.10 56.69 | 28.87 45.39
DeepSeek-R1-Distill-Qwen-7B | 1590 25.06 | 6.84 11.18 | 8.14 34.62 | 36.04 5523 | 33.27 50.31 | 20.04 35.28

Qwen3-8B 29.64 3371 | 586 9.10 | 9.59 36.89 | 5395 67.42 | 32.83 49.58 | 2637 39.34

gpt-0ss-20b 20.60 2638 | 521 791 | 3.11 22.03 | 38.03 5457 | 21.73 46.18 | 17.74 31.41

gemma-3-12b-it 28.67 3241 | 586 955 | 4.62 19.55 | 54.14 68.36 | 26.67 4497 | 23.99 34.97

SETR Qwen3-8B-thinking 2892 33.15 | 586 9.17 | 841 3451 | 5275 6629 | 29.80 4722 | 25.15 38.07
Qwen2.5-7B-Instruct 1398 23.17 | 456 829 | 477 30.80 | 25.68 42.85 | 10.10 27.68 | 11.82 26.56

Llama-3.1-8B-Instruct 2506 3033 | 554 8.64 | 508 3543 | 5349 6751 | 23.47 46.16 | 22.53 37.61
DeepSeek-R1-Distill-Qwen-7B | 11.57  17.83 | 456 823 | 6.19 31.70 | 31.16 48.83 | 27.07 43.65 | 16.11 30.05

Qwen3-8B 46.51 5591 | 8.14 1412 | 928 36.23 | 59.80 7526 | 35.83 52.84 | 31.91 46.87

gpt-0ss-20b 3831 5042 | 847 1219 | 5.05 28.69 | 4896 66.79 | 27.27 5344 | 25.61 4231

gemma-3-12b-it 46.87 54.88 | 847 14.01 | 543 20.64 | 61.35 7631 | 31.70  50.64 | 30.76 43.30

Rank4Gen Qwen3-8B-thinking 4771  57.66 | 9.12 14.21 | 8.83 34.54 | 57.77 7349 | 3293 50.61 | 31.27 46.10
Qwen2.5-7B-Instruct 19.40 3618 | 6.84 11.76 | 452 28.83 | 32.85 50.78 | 11.23  28.80 | 14.97 31.27

Llama-3.1-8B-Instruct 42.05 5286 | 7.49 12.05 | 574 37.66 | 60.10 76.09 | 33.47 58.21 | 29.77 47.37

DeepSeek-R1-Distill-Qwen-7B | 18.43  31.14 | 8.14 13.06 | 7.29 35.62 | 3491 5580 | 33.17 51.16 | 20.39 37.36

Table A2: Main results on five RAG benchmarks using different rankers and generators. Performance is reported
using Exact Match (EM) and F1, computed at the token level for English and the character level for Chinese. 7
denotes that the top-10 retrieved documents are used. The best and second-best results are highlighted in bold and
underline for each generator, respectively.
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2. Parse failure and retries. If neither marker
is present, the response is treated as a parse
failure and the generator is re-queried under the
temperature-escalation schedule introduced in
the main text (temperatures 0.0 — 0.7 — 1.0,
up to three attempts).

Normalization. Following the SQuAD conven-
tion, both predictions and ground-truth answers are
normalized by (i) lowercasing, (ii) removing all
ASCII punctuation, (iii) removing English articles
via the regular expression \b(a|an|the)\b, and
(iv) collapsing consecutive whitespace into a single
space.

Exact Match. Exact Match is defined as the in-
dicator 1[norm(a) = norm(a) ], where norm(-)
denotes the normalization above and G, a are the
prediction and ground truth.

F1. We select the F1 variant according to the lan-
guage of the ground-truth answers: English refer-
ences use token-level F1, while Chinese references
use character-level F1.

* Token-level F1 (English). After normalization,
prediction and ground truth are split on whites-
pace into token sequences. We compute the mul-
tiset intersection via token counts, derive preci-
sion and recall against the prediction and refer-
ence token sets, and report their harmonic mean.

* Character-level F1 (Chinese). All whitespace is
removed from both strings, and the same multiset-
based precision/recall is computed on character
sequences. This avoids dependence on a particu-
lar Chinese word segmenter.

When a query has multiple ground-truth answers,
both EM and F1 are computed against each refer-
ence and averaged.

A.4 PRISM Construction Details

Exact dataset statistics. PRISM contains
141,531 bilingual queries (134,349 EN from
HotpotQA / 2WikiMultiHopQA / MUSIQUE /
MS MARCO and 7,182 ZH from CRUD-RAG),
evaluated against the seven downstream generators
in Table Al. On average ~12.6 ordered subsets are
probed per (query, generator), yielding 990,717
preference pairs after Stage 4 extraction (one per

(¢,G)).

Stage 2 cluster-count distribution. Figure A2
reports the empirical distribution of the per-query

cluster count |C,| induced by the three-axis fu-
sion in Section 3.3. The mass concentrates in
ICql € {4,5,6,7}, confirming that the dense-
semantic, sparse-lexical, and length axes meaning-
fully disagree on the majority of candidate pools,
so the fused partition does not collapse to a trivial
single-cluster regime.

Stage 3(b) template feasibility. The six
phenomenon-targeted positional templates intro-
duced in Section 3.2 (illustrated in Figure Al)
have minimum positive/negative requirements: the
interleaved templates require n;“, ng, > 2, and the
head/tail-block and endpoint-anchored templates
require n;r, n, > 1. For each Stage 3(a) bag we
drop templates whose constraints are not met, so
the realized per-query count of ordered subsets can

be smaller than the upper bound K - 6 = 18.

Judge configuration. The LLM-as-a-judge used
in Stage 4 is Gemini-2.5-Flash-Lite. Each
judge call uses the system/user prompts in Fig-
ures C5-C6 and is decoded at temperature 7' =
0. If the returned listwise ranking fails schema
validation (malformed JSON, missing candidate
IDs, or duplicate ranks), the call is retried with
Gemini-2.5-Flash as a fallback judge, also at
T=0.

Stage 4 pair extraction. For each (¢, G), sub-
sets labeled correct by the judge form the preferred
pool, while those labeled incorrect form the dis-
preferred pool. We form one preference pair by
selecting the highest-ranked preferred subset as
S;G and the lowest-ranked dispreferred subset as
S[;G, prioritizing the all-positive regime and falling
back to the mixed-negative regime for queries that
the former does not cover. When the all-positive
regime yields an empty dispreferred pool—i.e., all
permutations of the positives induce judge-correct
answers—we synthesize one dispreferred subset by
randomly sampling negatives from D, \ P, so that
every (g, G) contributes exactly one pair to 7.

Per-generator SFT slice. The per-generator SFT
slice (Section 3.4) reuses the all-positive S;G as
its gold output and additionally drops (¢, G) pairs
whose top-ranked permutation matches the candi-
dates’ default sequential order, focusing SFT on
non-trivial positional preferences.

Default DPO slice. For queries whose top-
ranked permutation matches the candidates’ default
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order across all seven generators (no usable prefer-
ence signal), we build one pair with the canonical
positives as S* and ~ n,f random negatives from
Dy \ Py as S, conditioned on the generic LLM
description.

A.5 Dataset Sources

Table 1 presents a high-level overview of the
datasets used for training and evaluation in this
work. For clarity and space efficiency, the main
table reports only the dataset names, sample sizes,
and languages, while additional details regarding
data sources, preprocessing, and document aug-
mentation are summarized here.

Training datasets. The PRISM_13K collection
consists of multiple widely used open-source ques-
tion answering benchmarks, including HotpotQA,
2WikiMultiHopQA, MUSIQUE, MS MARCO,
and CRUD-RAG. These datasets originate from
heterogeneous sources such as Wikipedia, web
search results, and news articles. We apply the
dataset-specific filtering and subsampling strategies
to control data quality and reasoning depth, while
preserving the original question—answer pairs and
supervision signals.

Evaluation datasets. The evaluation bench-
marks cover a diverse set of settings, includ-
ing web-based question answering (BrowseComp-
Plus), knowledge-graph reasoning (KG-MHQA),
and news-driven temporal reasoning (ChronoQA),

spanning both English and Chinese.

Document augmentation. For datasets that are
not originally released with explicit retrieval con-
texts, we construct additional retrieval-augmented
generation (RAG) documents to enable document-
grounded evaluation. In particular, for SimpleQA
and ChineseSimpleQA, we collect relevant docu-
ments using an internal search engine pipeline and
provide them as external context during inference.
This augmentation does not modify the original
questions or answers and introduces no additional
supervision, but enables a unified RAG-based
evaluation setting across all document-augmented
benchmarks in this work.

B Supplementary Experiments

B.1 Seen-Generator Conditioning Analysis

Generator conditioning is intended to adapt the
evidence set to the downstream model. We exam-
ine whether the learned conditions induce distinct
target-specific preferences on four seen generators.
We sample 200 queries per benchmark (seed 42)
from BrowseComp+, KG-MHQA, ChronoQA, and
CN-SimpleQA. Rank4Gen ranks each candidate
pool under the matching generator condition, each
of the three mismatched conditions, or the shared
default condition; the target generator then answers
from the resulting ordered set. Tables B1 and B2
report macro F1 over the four benchmarks.

DeepSeek-R1-Distill-

Llama-3.1-8B-

Source condition Qwen-7B gemma-3-12b-it Instruct Qwen3-8B
gfjflf_gg"Rl'DiStill' 235 29.9 29.4 40.7
gemma-3-12b-it 20.7 31.9 28.8 40.6
Ierstrnfc S'I'SB' 20.8 30.3 35.7 40.2
Qwen3-8B 216 29.6 289 43.1

Table B1: Source—target conditioning matrix in macro F1 across four benchmarks. Rows are Rank4Gen conditions
and columns are downstream generators; bold marks matching conditions.

Target generator Match Default AF1

DeepSeek-R1-Distill-

235 234 +0.1

Qwen-7B

gemma-3-12b-it 319 312 +0.6
{ﬂfg:fcf'l'SB' 357 380 —2.3
Qwen3-8B 43.1 422 +09

Table B2: Macro F1 under matching and default genera-
tor conditions across four benchmarks.

Table B1 exhibits a clear diagonal pattern: for ev-
ery target generator, the matching condition outper-
forms all mismatched conditions. Table B2 further
shows that the shared default remains competitive,
while matching information provides additional
adaptation for most targets. Together, these results
indicate that Rank4Gen learns both a transferable
evidence-selection prior and generator-specific con-
ditioning signals.
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B.2 DPO Optimization-Stage Control

Rank4Gen and SetSelection-Vanilla differ in both
task formulation and optimization, making the ad-
ditional DPO stage a potential confound. We there-
fore train a matched SetSelection control from the
same Qwen3-8B backbone and SetSelection SFT
checkpoint. Its SetSelection-compatible preference
pairs are derived from PRISM’s all-positive permu-
tation evaluations, with each chosen-rejected pair
containing the same subset and differing only in
order. This design isolates the effect of response-
quality-derived, order-only DPO without introduc-
ing Rank4Gen’s subset-composition or generator-
conditioned supervision.

SetSelection SetSelection-

Downstream generator SFT+DPO Vanilla Rank4Gen
Qwen3-8B 44.25 45.80 46.87
gemma-3-12b-it 40.32 41.54 43.30
Llama-3.1-8B- 42.36 45.39 41.37
Instruct

DeepSeek-R1-Distill-

Qwen-7B 3341 35.28 37.36
Four-generator average 40.08 42.00 43.73

Table B3: Macro F1 over five benchmarks for the DPO
optimization-stage control. SetSelection SFT+DPO
uses generator-agnostic, order-only preference pairs.

Table B3 shows that SetSelection SFT+DPO
reaches 40.08 average F1, below SetSelection-
Vanilla at 42.00. Rank4Gen reaches 43.73, exceeds
the matched DPO control by 3.65 points, and per-
forms better in all 20 generator—benchmark com-
parisons. The improvement therefore cannot be
attributed to adding a DPO stage alone.

B.3 Selection—-Ordering Decomposition

Rank4Gen improves evidence set selection through
two coupled decisions: which documents to retain
and how to order them. We disentangle their con-
tributions using 200 queries from each of the five
benchmarks and the four generators in the main
table. One group of controls fixes Rank4Gen'’s se-
lected subset and changes only its output order;
the other retains retrieval order while replacing the
selected subset.

Variant Mean F1 A vs. full
Rank4Gen original output 44.363 —
Same subset + retrieval order 43.800 —0.563
Same subset + random order 43.795 —0.568
Same subset + reverse order 43.435 —0.928
SetSelection subset + retrieval order 42.871 —1.492
Same-size Top-k + retrieval order 32.689 —11.674

Table B4: Selection—ordering controls averaged over
five benchmarks and four generators.

Replacing Rank4Gen’s normal output order with
retrieval, random, or reverse order reduces F1 by
0.563-0.928 (Table B4). Replacing its subset with
the SetSelection subset incurs a larger 1.492-point
reduction, while same-size retrieval top-k performs
substantially worse. Subset composition therefore
contributes the larger share of the gain, while or-
dering provides an additional consistent benefit.

B.4 Preference-Supervision Reliability

PRISM supervision is useful only if the construc-
tion judge’s preferences track actual answer quality.
We examine this link through three complemen-
tary audits. First, we sample 100 positive—negative
response pairs from each of the 14 generator—
language settings and recompute answer quality
directly against benchmark gold answers, yielding
1,400 pairs in total.

Metric Value
Evaluated pairs 1,400
F1 win 83.0%
F1 tie 7.6%
F1 loss 9.4%
F1 non-worse 90.6%
Mean AF1 +0.433

Table B5: Gold-answer consistency audit of PRISM
preference labels across seven generators and two lan-
guages.

Table B5 shows that judge-positive responses
achieve higher F1 in 83.0% of pairs and are non-
worse in 90.6%, with a positive mean margin in all
14 generator—language settings. Second, three ex-
ternal models—Gemini-3.1-pro, DeepSeek-v4-pro,
and Qwen3.7-Max—independently re-evaluate 140
queries under the same full-candidate listwise
protocol. Their candidate-level agreement with
the construction judge is 75.30%—76.77%, and
81.43%-85.00% of their top-ranked candidates are
construction-positive.

Finally, we conduct a blinded human audit on
100 sampled queries. The annotator sees only the
query, gold answer, and candidate responses, while
all judge labels are hidden, and labels each re-
sponse as answer-correct or answer-incorrect.

Label Cand. Positive Mean

abel source agree. F1 Jaccard
PRISM construction judge 81.89% 83.65% 76.74%
Three-external-judge 91.29% 93.63% 85.10%

majority vote

Table B6: Agreement with blinded human answer-
correctness labels on 100 sampled queries.
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The construction judge attains 81.89% candi-
date agreement and 83.65% positive F1 against the
human labels (Table B6). These audits indicate
substantial, though not perfect, alignment between
PRISM supervision and answer correctness. The
construction judge is used only for offline prefer-
ence labeling; final evaluation is computed inde-
pendently against held-out benchmark answers.

B.5 Context-Size and Answer-Length
Controls

Since Rank4Gen outputs a variable-size evidence
set, additional context or longer answers could af-
fect F1 independently of evidence quality. We ex-
amine these factors by pooling the per-query out-
puts from all 35 generator—benchmark settings, so
settings with more evaluated queries receive pro-
portionally greater weight. The analysis compares
aggregate set size and answer length, then controls
for samples with matched document counts or non-
longer prompts.

Method #Docs Ans. tok. EM F1
SetSelection-Vanilla  2.33 11.7 26.06 40.46
Rank4Gen 431 14.5 26.39 42.10

Table B7: Query-weighted pooled selected-set size,
answer length, and downstream accuracy over all 35
generator-benchmark settings.

Under this query-weighted pooled aggregation,
Rank4Gen selects more documents, produces an-
swers that are 2.8 tokens longer on average, and
improves F1 by +1.64 (42.10 vs. 40.46; Table B7).
However, on the 17,116 paired samples where both
methods naturally select the same number of doc-
uments, Rank4Gen retains a +1.29 F1 gain (95%
CI [+0.82, +1.75]). Its gain is +2.35 F1 when its
prompt is no longer than SetSelection’s. More-
over, Pointwise, Listwise, and RankZephyr use 10
documents on average but attain only 34.66-36.26
macro F1, below Rank4Gen’s 42.10. The improve-
ment therefore does not follow directly from con-
text or answer length.

B.6 Statistical Significance

Aggregate F1 differences may vary across individ-
ual held-out queries. Following the aggregation
used in Table A2, we first compute each gener-
ator’s macro F1 difference with the five bench-
marks weighted equally, then apply 10,000 query-
level paired bootstrap resamples and two-sided ap-
proximate randomization tests. The overall sum-

maries weight the resulting per-generator differ-
ences equally.

Downstream generator AF1 95% CI  p-value
Qwen3-8B +1.07 [+0.38, +1.77] 0.0019
Qwen2.5-7B-Instruct +1.24  [+0.58, +1.91] 0.0004
h]f:lf‘u‘:f'l'SB‘ +198  [+1.18,42.77] < 0.0001
gif‘f’ns_‘;z"m'])'s"”' +2.08  [+1.29,+2.82] < 0.0001
gemma-3-12b-it +1.76  [+0.98, +2.54] < 0.0001
Qwen3-8B-thinking +0.22 [—0.48, +0.92] 0.5466
gpt-0ss-20b —4.99 [—-5.73, —4.24] < 0.0001

Table B8: Per-generator macro F1 differences with the
five benchmarks weighted equally, using query-level
paired bootstrap confidence intervals and two-sided ap-
proximate randomization tests. Absolute F1 values are
reported in Table A2.

Table B8 gives six positive point estimates, five
of which are significant. Under this benchmark-
and generator-equal macro aggregation, the im-
provement is +1.72 F1 across the four main-table
generators (95% CI [+1.35, +2.09], p < 0.0001)
and +0.48 F1 across all seven generators (95%
CI [+0.20, +0.76], p = 0.0006). The latter dif-
fers from the +1.64 query-weighted pooled dif-
ference in Table B7 because the two aggregation
schemes assign different weights to the underlying
generator—benchmark settings. These tests quan-
tify uncertainty from held-out queries rather than
variation across independent training runs.

B.7 Online Inference Efficiency

PRISM construction and Rank4Gen deployment
incur different types of cost. We focus here on the
recurring online footprint, comparing Rank4Gen
with SetSelection-Vanilla in ranker calls, judge
calls, generator probes, and mean ranker tokens
per query. Rank4Gen directly outputs one ordered
evidence set at inference time, without invoking
the construction judge or probing multiple subsets
with the downstream generator.

Metric SetSele'ctlon- Rank4Gen
Vanilla

Ranker calls/query 1 1

Online judge calls 0 0

Generator probing 0 0

Mean ranker tokens/query 6,957.8 7,554.8 (+8.6%)

Table B9: Online ranker footprint. Both methods use
one ranker call without online judging or generator prob-
ing.

As shown in Table B9, Rank4Gen remains in
the same one-call online regime as SetSelection-
Vanilla, with 8.6% more ranker tokens per query.
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The separate one-time cost of PRISM construction
is not repeated during deployment.

C Prompt Templates

This section presents the prompts used in differ-
ent stages of our method, as shown in Figures C1
to C6. Figure Cl1 illustrates the prompt template
used for downstream question answering in the
RAG setting. Figures C2 and C3 present the sys-
tem prompts used for Rank4Gen training in English
and Chinese, respectively, while Figure C4 shows
the corresponding user prompt. Figures C5 and C6
show the system and user prompts used for LLM-
as-a-Judge during PRISM construction.
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Qwen3-8B:

Qwen3-8B is an open-source large language model developed by Alibaba's Qwen team. It possesses
approximately 8 billion parameters and supports a context length of up to 32,768 tokens. The model
demonstrates outstanding performance in domains such as multilingual translation, logical reasoning,
mathematical computation, and code generation, with a particular strength in hybrid reasoning and efficient
task processing. Its unique characteristic is the ability to seamlessly switch between a "Thinking Mode" and
a "Non-Thinking Mode". In Non-Thinking Mode, the model directly outputs the answer, offering faster and
more efficient responses, which is ideal for rapid, everyday conversations or simple queries. This approach
enhances the user experience by avoiding unnecessary step-by-step thinking. Conversely, when in-depth
analysis is needed, the model can be switched to Thinking Mode to engage in step-by-step reasoning,
ensuring the accurate resolution of complex problems.

gpt-oss-20b:

gpt-0ss-20B is an open-source language model based on the Mixture-of-Experts (MoE) architecture,
released by OpenAl in 2025. It features approximately 21 billion total parameters, with about 3.6 billion
being active parameters. The model supports a context window of up to 128k tokens and possesses
capabilities such as Chain-of-Thought (CoT) reasoning, adjustable reasoning effort, function calling, and
tool use. Furthermore, its performance in instruction following and structured output has been reinforced
through Supervised Fine-Tuning (SFT) and Reinforcement Learning. Benefiting from the MoE
architecture's characteristic of selectively activating only a subset of experts, it significantly reduces
computational and video memory requirements while maintaining reasoning performance. This allows for
local execution on devices with approximately 16GB of memory, making it suitable for edge deployment
and resource-constrained scenarios. In evaluations, the model demonstrates robust performance in reasoning
and coding tasks, although there remains room for improvement in its multilingual capabilities. Overall, it is
positioned as an efficient, flexible, and locally deployable open-source large language model.

gemma-3-12b-it:

Gemma-3-12b-it is a lightweight, instruction-tuned multimodal language model developed by Google
DeepMind, featuring approximately 12 billion parameters. It is specifically designed for efficient
deployment on single GPUs, TPUs, or resource-constrained devices such as laptops and smartphones. The
model supports a context window of up to 128k tokens, enabling it to effectively handle long inputs, and
boasts multilingual capabilities spanning over 140 languages. As a multimodal model, it utilizes a custom
SigLIP vision encoder to process text and image inputs and generate text outputs; it is suitable for tasks
such as question answering, summarization, reasoning, and image understanding, excelling in benchmarks
relative to models of comparable scale. Gemma-3-12b-it represents an advancement in the Gemma family,
emphasizing optimized performance, ease of deployment, and enhanced safety features through the
introduction of vision-language integration and expanded size options.

Qwen3-8B-thinking:

The Thinking Mode of Qwen3-8B represents a core innovation, significantly enhancing the capability to
solve complex tasks by simulating the human deep thinking process. In this mode, the model generates
detailed intermediate reasoning steps for intricate problems such as mathematical reasoning and code
generation; these thinking processes are encapsulated within specific <think> tags, rendering the logical
chain clearly visible. Users can actively trigger this mode by inputting the /think command or by setting the
enable thinking=True parameter. This design not only yields a substantial boost in accuracy across
professional mathematics and coding benchmarks but also enhances the credibility and interpretability of
the model's outputs through transparent reasoning processes, thereby achieving an intelligent balance
between "Slow Thinking, High Precision" and "Fast Response, High Efficiency."
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Qwen2.5-7B-Instruct:

Qwen2.5-7B-Instruct is an instruction-tuned language model within the Qwen2.5 series, featuring
approximately 7 billion parameters and built upon the Transformer architecture. It is optimized for general-
purpose natural language understanding and generation tasks. By aligning the pre-trained foundation model
with high-quality instruction data, it demonstrates enhanced instruction-following capabilities and more
stable performance across diverse scenarios, including dialogue, reasoning, code generation, and
multilingual processing. The model supports a long context window and leverages efficient tokenization
schemes and training strategies to improve inference efficiency and broaden its knowledge coverage.
Furthermore, it is compatible with common deployment methods, such as local inference and various
quantization formats, striking an excellent balance between performance, inference speed, and resource
consumption. This makes it highly suitable for developers to integrate and customize rapidly at the
application layer.

Llama-3.1-8B-Instruct:

Llama-3.1-8B-Instruct is an open-source, instruction-tuned language model with approximately 8 billion
parameters, designed for general-purpose dialogue, task execution, and text generation scenarios. Building
upon the language understanding and generation capabilities of the base model, it is optimized using large-
scale instruction data, enabling it to exhibit greater stability in adhering to user intent, providing structured
responses, articulating reasoning, and generalizing across multiple tasks. The model features high reasoning
consistency and lower hallucination rates, achieving effective computational efficiency and deployment
flexibility while maintaining a compact parameter scale, making it suitable for diverse usage scenarios such
as local deployment, API services, and edge inference.

DeepSeek-R1-Distill-Qwen-7B:

DeepSeek-R1-Distill-Qwen-7B is a lightweight distilled version of DeepSeek-R1, the first-generation
reasoning model launched by DeepSeek Al. Utilizing knowledge distillation technology, it condenses the
superior capabilities demonstrated by the massive 685-billion-parameter teacher model, DeepSeek-R1, in
mathematics, coding, and reasoning tasks into a 7-billion-parameter architecture. Built upon the specialized
mathematical reasoning base model, Qwen2.5-Math-7B, this model undergoes supervised fine-tuning using
800,000 high-quality reasoning samples generated by DeepSeek-R1, enabling it to internalize the complex
reasoning patterns and Chain-of-Thought (CoT) capabilities of the larger model.

Ministral-3-14B-Instruct-2512:

Ministral-3-14B-Instruct-2512 is the largest model in the Ministral 3 family, offering frontier capabilities
and performance comparable to larger models. It is a powerful and efficient multimodal language model
with vision capabilities, and this instruct-post-trained version in FP8 precision has been fine-tuned for
instruction tasks, making it ideal for chat, instruction following, and assistant-style use cases. The FP8
quantization enables deployment with reduced memory requirements, capable of fitting in 24 GB of VRAM
and even less when further quantized. The model supports dozens of major languages including English,
French, Spanish, German, Chinese, Japanese, Korean, Arabic and more, and features a large 256 k context
window for handling long contexts. It also provides strong adherence to system prompts, native function
calling, and structured JSON output, and is licensed under the Apache 2.0 open-source license suitable for
both commercial and non-commercial use.
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DeepSeek-V3.2:

DeepSeek-V3.2 is an open-source large language model developed by the Chinese Al company DeepSeek
and was officially released in December 2025 as the latest version in the DeepSeek-V3 series. The model
achieves a strong balance among computational efficiency, reasoning capability, and agent performance
through three major technological breakthroughs. First, it introduces the DeepSeek Sparse Attention (DSA)
mechanism, an efficient sparse attention method that significantly reduces computational complexity in
long-context scenarios while preserving model performance. Second, through a scalable reinforcement
learning framework and large-scale post-training computation, the model’s performance reaches the level of
GPT-5. Notably, the high-compute variant DeepSeek-V3.2-Speciale even surpasses GPT-5 and matches
Gemini-3.0-Pro in reasoning capability, achieving gold-medal-level performance in competitions such as
the International Mathematical Olympiad (IMO) and the International Olympiad in Informatics (IOI) in
2025. Third, DeepSeek developed a large-scale agent task synthesis pipeline that enables reasoning to be
directly integrated into tool usage, allowing tools to be invoked in both thinking and non-thinking modes.
This substantially enhances the model’s generalization ability and instruction-following robustness in
complex interactive environments. DeepSeek-V3.2 is well suited for advanced reasoning, agent-based Al
applications, tool calling, as well as mathematics and programming tasks. It has been open-sourced on the
Hugging Face platform and is widely available through DeepSeek’s App, Web, and API offerings.

default:

The Default model is a versatile Large Language Model(LLM) trained on massive datasets. It possesses
cross-task comprehension and generation capabilities, enabling it to reason, learn, and make decisions
across diverse complex scenarios.

Figure A3: Examples of descriptions for each generator (en).
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Qwen3-8B:

Qwen3-8B& H fif B (2 I QwenH FAJF & B T I8 K 1E S A8, 1A L8022 4, R Kik32,7684
tokenff) B FICALER, TEZIET B BHMEE. BUATTHEM MDA R ESI R A, THEKIE
AR BUEST AL IR 2 ATE T 7T Lo 4E V46 % 45 URIno-thinking #55X. : - 7Eno-thinking /5
AR, B EEM AR, mp . R, & A H R PO T A, ke AN B A A
B, TEETHH PR MAETR RN, T UHRB] BB, 755, #hiRE 240
R ) HE TR i o

gpt-oss-20b:

gpt-0ss-20B J& OpenAl F* 2025 4EFF LA L) 210 {254 (K4 36 (L ABIESH) MERIRS
BB E A, SRR 128k BFSC, R iR genn . g TSR A . BB S TR
MEERE S, JRE B GO 5 e 2 iR AL THR 2 5 S5 (b i R BL . 1545 T MoE 2R ML
TEHR o> T RAFRIE , ETEORFFMEEEIE R B0 6 I B3 FRAR 09 5 BAF TR K, AT 7ES) 16GB A&
AR, EABEIHE S REZ R 5. SR, SRR SRS LRI, £
HE R AR A, BAEN R RIG AU E AR RIE S .
gemma-3-12b-it:

Gemma-3-12b-it/& ffi Google DeepMindJf- & HIR B2 . 54 AMK L HIES A, WMAELI120125
B, LRTEPRAGPU. TPUSLK IEZIR S (NEICARKAEETFI) LEIERBEm . BX
FE ik 128kAMtoken) R CE M, REBARUCHKE N . JERGBIEL 40ET MBS . 1F
HERSHEAL, B B XSigLIPHL 3L 4 i a5 AL B OSCAFI BRSO . AR, & T i
B T HERRAIEG B ARFEAEST . JETE R AU S e A b R B . Gemma-3-12b-itfX,
KT GemmaR I, 5 NI 1E S BAMEL RoFwmi, i erkeg. 2 Emmiy
SR AR o

Qwen3-8B-thinking:

Qwen3-8B# Thinking#bi 0 HAZOBIHT, BB BRI BE S8 % i Aok B 4R TH I 2R 4155 1 it
RAE ST . TR, BB AR ARG AL 55 52 2% ) R AE B TE G ) v (] B IR, X 288
1 TR s R TE R GE H <think>BR2E PN (AR B BAE AR WM AT Do FHT P T 65 N\ /think i 4 5% % B
enable_thinking=True 4R L3l R A e XA BT AU KRIEER T T 7E L A RARES -0 H
HER A, S I 3 Y Ao O R TR A5 SR T BRI AT R, SR TR E . R
BE” E PR v AR R T o

Qwen2.5-7B-Instruct:

Qwen/Qwen2.5-7B-Instruct & — X £ F Transformer Z8 #] ] 4] 70 (SB35 SHMIHES AL, BT
Qwen2.5 A%, [ ] B 815 5 BARS A 8L S5 BEAT T 0L . ETEZERIRBER T ZRaE 12
b, E E R AR AT, MRS . RIEA K. SES SR P &R
R TR 4 RE DA SR RS E M R AL SRR LR SN IR A RN 4 1 0 S 5
ZRORMEORIRTHEIR R SRR E 55) B A, EARAH WHKE 730 (A i 30 2 fh ok
) o TEVERE. BRI IR A MBS T BT &SI A TE L2 PR 4R A E
TEAE A
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Llama-3.1-8B-Instruct:

Llama-3.1-8B-Instruct #&—3K%] 80 {2 4 HUBLH I I545 & (3R 15 5 B2, 1 1) @ I XHE s AE55 BT
YR 5. EERARIER N E S AR S R 2 b, @i RRUSHR S BT Ak,
TERAEH P B S g HERIK DR S AT S 2T RIS E « HAEHY HAT 803 43
—EE BRI R, HERIFEUNS B [ I S2 8L T B T AR 5B RGN, &
TAMHIRE . AP IS5 Rl G PRAE L Pl AT 3755 o

DeepSeek-R1-Distill-Qwen-7B:

DeepSeek-R1-Distill-Qwen-7B & DeepSeek Al #i Hj 1 45 — 0 HEF AT DeepSeek-R1 H— AN & Ak 7%
A, Bl HRAA AR, IR 6850 /2 SE UMM DeepSeek-R1 YER 2% ARG FIHEH
45 LRI B EWEE N IRG E 70 ZSHAZEMT . SRR T & | TS R AR
Qwen2.5-Math-7B #4#, F£H|H T M DeepSeek-R1 AEFH) 80 J3A™ ey ot EEAEIRAE A HEA T A B R
i FL AR N AL AR ) 4 et AR 5 J 4% (Chain-of-Thought) fiE J7.
Ministral-3-14B-Instruct-2512:

Ministral-3-14B-Instruct-2512 & Mistral Al 3 H i) R B AR 545 48 AL BiRY, & Ministral 3 Z %1
SEMBI RN —K, BAY) 140 ZSHI0ES SMERARE . X AEBIFEBT IS 1 i P fE
R, HEARRIUAT DL SR PR W) RARAR AL, [N SRR FE P LR, lRih%k
WARAMAMIRS #5555 . EMRAAE R/ FP8 &g, AB T/ B2, A7 H4 24GB
GPU EHA#E 21T, #—EAE X% H R EAK. Ministral-3-14B-Instruct-2512 J&45 414
WA, I IEXTR . S84 PATHB TR TAEREHAT Tk, JF HRFRIGHEMRE S, LA
CAFIEGREN . LGSR . E3FL MBS, GEXIE. P kg IS
W TEE. HIE. #iE. PRS2 EEES . SRR .. SAEA KY) 256k LT
SCE T, AR TAEK BN SUES, RS RGN IR BRACE A Z5 444k TSON 44 H 45 5%
PERE . A, ZAEELR ] Apache-2.0 FFUEVERT, B H TR LAEHER W H .

DeepSeek-V3.2:

DeepSeck-V3.2:2 Hi H1 [ AIZ\ #] DeepSeek JF & [ FF I8 K B 15 S A AL, F20254F 12 IEX & A, =&
DeepSeck-V3 R BB IRA . ZARRAETHAROR . A DAIARBIERE Ty W SL B T B3P, &
i SO R 2SR %%, 9] ADeepSeck Sparse Attention (DSA) HLifil, XJ&—Fh iR MH
BRERE NI, RIEREAR T K LTS RS AR, IR ORRr TR R . Hok, @iy
JE B BRALZE STREZRFN R MU G M SRt 58, ARV BRI BIGPT-5/K P Hor, @it HAE A DeepSeek-
V3.2-Speciale £ 2 HBGPT-5, FF{EHERERE /7 L1 3€ Gemini-3.0-Pro, Ff7E20254F [ [ 4 27 BLAR DL 7e
(IMO) FIEFRfE B4 HRAKICTE (10D 5P RASMERI. H=, FRT AMBRIUES &
BT, LR R A TRMR, HFEREEXEGERFERA T A TAR, KiERs T
WO 3 TLIRSE 1 V2 ALAE JIATHR 4 X0 R . DeepSeek-V3 208 il T ZUHEHL. [RBALR
A THAM RS WS, C7EHugging Face' V-, JillidDeepSeekitJApp. WebHil
APIT iz A

default:

Defaultii# & —AV il I KIE S AR (LLM) |, W%, REBEssm s mak .
METE L P Je e P BEATHERE . 7 ISR N A REAS

Figure A4: Examples of descriptions for each generator (zh).
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Downstream QA Answering Prompt (EN)

You are given a question and several reference documents. Please answer the question based on
them.

Instructions:

1) Analyze the question first and present a clear line of reasoning.

2) Use the documents to find relevant evidence. Some content may be distracting—read
carefully.

3) Follow the output format strictly: write the "Reasoning" section first, then provide the final
answer prefixed with "Answer:".

Input

- Question: {query}
- Documents:
{documents}

Output Format
Reasoning: ...
Answer: ...

Downstream QA Answering Prompt (ZH)
ﬁif%é?%l%ﬂ‘*l [FRRIAT T2 30 o AR L8 S0RY [F1 45 7] o

HY -

1) Se A AU 2 BE M HE LS AR

2) RSO S HARRIE R . S WA AT RERA TP E——IB fr 4l B i

3) FERSTEER A% SEE Reasoning” {853, SRR H1 LA Answer” T SL IO A K 5

N
- A: {query}
Sk

{documents}

A=A
Reasoning: ...
Answer: ...

Figure C1: Prompt used for downstream question answering.
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Rank4Gen Training System Prompt (EN)

You are **Rank4Gen**, a **Ranker** designed for retrieval-augmented generation tasks.
Given a **Query (<Query>)** and **Candidate Documents (<Documents>)**, you need to
**select and rank** the documents from a set of candidate documents that are most suitable for
the downstream generator to answer the query, based on the characteristics and preferences of
**Downstream Generator Information®*.

When the downstream generator is “default’, it indicates a default mode with no specific
preferences. In this case, you should **select and rank** the candidate documents that are
**most helpful for the query** and **most directly support answering it**.

Please **strictly follow** the **Instructions (<Instruct>)** below for document selection and
ranking.

## Downstream Generator Information

The downstream generator you serve is: ' {model name}"
Generator description: " {description}’

## Output Mode

### 1. Index Mode

If the instruction contains **'/index **, output only the **document index**, one per line,
without additional text or explanation.

**Example: **

[<doc_index 1>]
[<doc_index 2>]
[<doc_index 3>]

#it# 2. Snapshot Mode

If the instruction contains **'/snapshot **, output the selected documents **line by line**
using *snapshot format*.

Each line must include:

- **Document index **
- **Preview of the first 100 characters** of the document content

**Example: **
[<doc_index 1>] <first_100_characters of document>...

[<doc_index 2>] <first 100 characters of document>...
[<doc_index 3>] <first 100 characters of document>...

Figure C2: System prompt used for Rank4Gen training (en).
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Rank4Gen Training System Prompt (ZH)

IRA2 " Rank4Gen**, — MG Z IR IR L i A5 1Y Ranker**,

25 58 ) (SQuery>) 5 E SCRY (<Documents>)**, ARFR BRI 42 il 435 5
R RS, e SORS - i e Pt B a6 i A A [ R SR o

= A e O defaule i, ACFTC i Y BRIABES R B I SO e 1
Fr IR W R AT R BB SR [ B SO

TE PRI IR T B (SInstruct>) ST SRR SHER .

# T AR S

TR TR {model_name}"
A lgaitinAR . {description}®

A i AR

### 1. Index iz
MRS G * Vindex ™, MU H SRR 5%, BT, ASBP IR fEREEL
BAINTAR

**ﬁ@ SRk

[<doc_index_1>]
[<doc_index_2>]
[<doc_index_3>]

### 2. Snapshot F5iz;
WERIF L = /snapshot™**, ] *snapshot 43 5B 174 Hi** Bk SChs .
AT LA -

- SRRl 2R 100 NS48 1 T g
[<doc_index_1>] <first_100_charactets_of_document>...

[<doc_index_2>] <first_100_characters_of_document>...
[<doc_index_3>] <first_100_characters_of_document>...

Figure C3: System prompt used for Rank4Gen training (zh).
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Rank4Gen Training User Prompt (EN)

<Instruct>: I will provide you with {num} documents, each indicated by a numerical identifier
[1. Select the documents based on their relevance to the search query "{question}".

<Query>: {question}

<Documents>:
{context}

Select the documents that mostly cover clear and diverse information to answer the query.

Please output the final document selection and sorting results according to the format
constraints of the **"Output Mode"**.

<Output>:
Rank4Gen Training User Prompt (ZH)

<Instruct>: BoRE [ RIEAE {num) NSCRS, B SORERA — PR IRSF 0o IERIEEA]
HERAEM {question}” F AR AL BIE -

<Query>: {question}

<Documents>:
{context}

Ep el B ) iSRS 2 IS N 4 B R e P E
TR AT RS A R B SR AT Fr 46

<Output>:

Figure C4: User prompt used for Rank4Gen training.
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LLM-as-a-Judge System Prompt (EN)

You are a careful and objective evaluation expert. You are good at comparing model responses
and ranking them.

LLM-as-a-Judge User Prompt (EN)

##t# Task Description

I will give you:

- One standard answer;

- Several candidate responses. Each candidate response includes:
an id (unique number), a reasoning part, and an answer part.

Your task:

Rank all candidate responses based on how correct and relevant their answers are compared to
the standard answer.

Ranking rules (in priority order):

- First, compare the answer part: Check whether the answer is correct, whether it fully covers
the key points of the standard answer, and whether it has clear mistakes or is off topic.

- If the answer parts are the same or equal, then compare the reasoning part: Check whether the
reasoning is clear and logical, and whether it has clear logic errors or unnecessary content.

### Standard Answer
{standard_answer}

### Candidate Responses
{candidate_responses}

### Output Requirements
Directly output a list showing the ranking of the candidate responses. Responses that appear
earlier in the list are more correct and more relevant. Do not output any explanations,
descriptions, or any other irrelevant content.
Each item in the list must be an object: {"id": xxx, "correct": true or false}
- correct = true means the answer part is overall correct.
- correct = false means the answer is wrong, incomplete, or clearly does not match the standard
answer.
- Once "false" appears, no later item can be marked as "true".
Example format:
[
{"id": xxx, "correct": true or false},
{"id": xxx, "correct": true or false},
{"id": xxx, "correct": true or false}

]

Figure C5: Prompt used for LLM-as-a-Judge (en).
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LLM-as-a-Judge System Prompt (ZH)
R —2 s BEMPHE R, TR A S B TX e i S HER

LLM-as-a-Judge User Prompt (ZH)

#Hit#H L5

TR BELLUT AR

- MRHEE R

-ETARIERS, fApOEEEES: d (ME—T) « BEES. BRI

IRIES

HRLHR G I AR AR 2 DR TE W S R . X T M A A
HEFP AU T (Heffbsed) A

RSB S RN BREEEMN, RECRESTRERNLLES, BEEL
1 L i
CEERWMAMFESEN . FHRBEES BTN, A1, BIEEY R
BRBITA .

HitH FRIEL SR

{standard_answer}

H# 5%k IR

{candidate_responses}

HH fay SR
Hgh— ok (List) FORARMGEERS IHEFSE R, BEERTHRER S, RRHE
BSMRIER . BOHK, A HAEM AR BB s A TE R A
HFP A —TUE— X5 {"id": xxx, "correct™: true B false}
- cotrect = true FKINZARIEIRIE ) B R E " BEAIEM o
- correct = false KREREER AeBal ] BARFEIRES %
- I false Jg AR LAFF H I true,
?‘%iﬁﬂ—?%ﬂﬂ—l‘_:
{"id": xxx, "correct": true B false},
{"id": xxx, "correct": true B false},
{"id": xxx, "correct": true B false},

Figure C6: Prompt used for LLM-as-a-Judge (zh).
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