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Abstract

Retrieval-augmented generation (RAG) is the backbone of
knowledge-intensive NLP, yet its progress is hindered by a
long-standing asymmetry: Generators are refined while re-
trievers remain static, and full end-to-end optimization is
prohibitively unstable. We present BPO-RAG, a bi-level
preference-learning framework that redefines the training
paradigm by jointly optimizing retrieval and generation with
a single supervision signal, pairwise preferences. Stage 1 (Re-
trieval Preference Optimization) learns to select superior ev-
idence sets, while Stage 2 (Generation Preference Optimiza-
tion) aligns answer generation with the same evidence, clos-
ing the gap between what to read and what to write. This
recipe without label requires no reward model or online RL,
integrates seamlessly with standard RAG pipelines, and trans-
forms preferences into a unifying training currency. Across
open-domain QA benchmarks, BPO-RAG consistently ad-
vances retrieval quality and yields more accurate, faithful an-
swers, surpassing strong RAG baselines with remarkable sta-
bility. By coupling retrieval and generation under a unified
preference framework, BPO-RAG establishes a practical and
principled path toward the next generation of reliable, modu-
lar, and trustworthy knowledge-intensive language models.

Introduction

Retrieval-augmented generation (RAG) has become a cen-
tral solution for knowledge-intensive NLP, decoupling what
to retrieve from how to generate. Despite its success, training
remains asymmetric: generators are tuned while retrievers
are frozen; end-to-end optimization with human preferences
or RL has been explored but is costly and unstable.

We propose a bi-level view. At the first level, the system
selects an evidence set that best supports the query; at the
second, it generates an answer that is accurate, faithful, and
relevant conditioned on that evidence. Supervising both de-
cisions with the same preference signal narrows the gap be-
tween training and inference while preserving modularity.

BPO-RAG. Our framework introduces two stages: (i)
RPO, where the retriever contrasts sets of passages and
learns a set-level policy through DPO; and (ii) GPO, where
the generator aligns with DPO using preferences collected
under the same evidence.
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Design principles. (P1) Optimize retrieval, the upstream
decision that constrains answerability. (P2) Learn from pref-
erences, not labels, by avoiding costly gold data and reward
models. (P3) Separate concerns but share supervision: re-
trieval and generation are trained in stages with a common
signal.

Why it works. Set-level optimization aligns training with
inference (top-k), captures complementarities between pas-
sages, and avoids myopic scoring. DPO further stabilizes
learning without fragile on-line RL.

Contributions.

* A bi-level preference-learning framework unifying set-
level retrieval (RPO) and evidence-conditioned genera-
tion (GPO).

* A label-free, modular recipe requiring only preference
pairs—no reward models, no online RL.

* Empirical gains in retrieval quality and answer faithful-
ness while maintaining RAG’s simplicity.

In short, BPO-RAG treats RAG as two coupled decisions
trained with one supervision signal, yielding stronger re-
trieval and more faithful generation without sacrificing mod-
ularity.

Method
Notation

Given a query g, a retriever returns an ordered list P =
[p1,.-.,pK]; then a generator produces an answer a con-
ditioned on (g, P). We seek a retriever policy nr(P | ¢)
and a generator policy 7¢(a | ¢, P). Let fo(q, p) be the re-
triever matching score (e.g. dual encoder dot product of /-
normalized embeddings). We aggregate a set score over the
topk passages:

k
59(qap) = Zf@(Q7p(7,))7 (1)
i=1

and induce an unnormalized set policy logmr(P | ¢)
sg(q, P) (the partition cancels in DPO-style objectives).



Stage 1: Retrieval Preference Optimization (RPO)

Preference construction. For each ¢, a base retriever
gathers P (top-50). We construct a perturbed set P"*'sY
via drop / shuffle / add noise. A base generator produces pro-
visional answers a in both sets, scored by F1. The set that
gives the highest score is winner P, the other loser P,
forming preferences ((q, P*) (q, P*)).

DPO objective on sets. With a frozen reference scorer

Sref, define
A(q) = so(g, PT) — so(q, P7), )
Avet(q) = Sret(q, PT) = sret(q, P7), 3)
optimize
Lrpo = —logo(B[A(g) — Avet(q)]), €

where o(x) = and 3 > 0 is a temperature.

_1
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Stage 2: Generation Preference Optimization
(GPO)

Preference construction. Freeze mg. For each g, retrieve
P} = TopK,,(¢). Under identical prompts and context, pro-
duce two answers (for example, apeam VS. Gsample) and score
them by F1; the better is a7, the other ™.

DPO objective on answers. Let x = (¢, P}) and fix a
generator reference 7. Define

A(z) =logmg(a®|z) —logmg(a™[z),  (5)
Aot (1) = log e (at | @) — log mep(a™ | ),  (6)
and apply
Lapo = —logo(BlA(z) — Aver(z)]). @)
Inference

At test time, the tuned modules are composed sequentially:

Py = TopK,(r( | 9)), ®)
a* = arg max 7Tg<a | g, Pk*) 9)

Setup

We index segmented and deduplicated Wikipedia passages
with FAISS or HNSW. Retrievers (DPR / CONtriever or
ColBERT) are trained with RPO (Eq. 4); the generator
(LLaMA-7B with LoRA) is tuned with GPO (Eq. 7). Bench-
marks include Natural Questions, TriviaQA, HotpotQA, and
FEVER. Evaluation reports Recall@k for retrieval and F1
for generation.

Discussion

We view retrieval-augmented generation as bi-level prefer-
ence optimization: first align the retriever to evidence sets
(RPO), then align the generator to answers given that evi-
dence (GPO). In NQ, TriviaQA, and HotpotQA, this design
delivers consistent improvements. RPO increases recall by
approximately 7 to 8% relative, GPO further improves both
recall and answer precision, and their combination com-
pounds to roughly +20% F1 and +11% Recall@10 over the
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Model NQ TriviaQA HotpotQA
Vanilla RAG (LLaMA) 0.471 0.732 0.571
+RPO 0.508 (+7.9%)  0.789 (+7.8%)  0.616 (+7.9%)
+GPO 0.528 (+12.1%)  0.820 (+12.0%) 0.640 (+12.1%)
Full (RPO—GPO) 0.569 (+20.8%) 0.884 (+20.8%) 0.689 (+20.7%)

Table 1: Table 1. F1 on NQ / TriviaQA / HotpotQA (higher
is better). Values in parentheses show relative gains over the
vanilla RAG baseline.

Model NQ TriviaQA HotpotQA
Vanilla RAG (LLaMA) 0.531 0.601 0.461
+RPO 0.572 (+7.8%)  0.648 (+7.8%)  0.497 (+7.8%)
+ GPO 0.544 (+2.5%)  0.616 (+2.5%)  0.473 (+2.6%)
Full (RPO—GPO) 0.589 (+10.9%) 0.667 (+11.0%) 0.512 (+11.1%)

Table 2: Table 2. Recall@10 on NQ / TriviaQA / HotpotQA.
Values in parentheses show relative gains over the vanilla
RAG baseline.

vanilla baseline. Strengths include offline label-free prefer-
ence construction, stability without reward models or RL,
and modularity for integration with standard RAG stacks.
Limitations include dependence on logarithmic preferences,
English-only evaluation, and medium-sized models. Future
work will explore list-wise objectives for retrieval, active
or human-in-the-loop preference curation, scaling to larger
LLMs, and applying the framework to citation-grounded
summarization and enterprise QA.
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