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Abstract

Scaling laws have enabled predictable compute
allocation for pre-training and for RL in rea-
soning tasks. However, research on retrieval
reinforcement generation (RAG) remains insuf-
ficient and there is a lack of fundamental un-
derstanding of the interaction between retrieval
quality and reinforcement learning computa-
tion. We present the first systematic study of
RL scaling for RAG across three knowledge-
intensive benchmarks. We introduce the Re-
trieval Bottleneck Hypothesis and derive sig-
moidal scaling laws showing that retrieval qual-
ity, not RL compute, determines the asymp-
totic performance ceiling. Our analysis reveals
three principles: (1) retrieval quality bounds
achievable performance, with improving re-
trieval yielding larger gains than algorithmic
innovations; (2) design choices (training objec-
tives, rewards, off-policy methods) primarily
modulate compute efficiency, with secondary
effects on the ceiling that are substantially
smaller than retrieval quality improvements;
and (3) stable configurations enable extrapola-
tion with 3.1% error at 4× compute. We further
uncover RAG-specific dynamics: optimal doc-
ument count increases with training, and RL
algorithm effectiveness depends critically on
retrieval quality. These insights yield RAG-
SCALERL, achieving strong performance on
knowledge-intensive benchmarks while provid-
ing the predictable scaling long available for
pre-training but previously absent in RAG-RL.

1 Introduction

Retrieval-Augmented Generation (RAG) has be-
come the dominant paradigm for building
knowledge-intensive language systems (Lewis
et al., 2020; Guu et al., 2020). By grounding gener-
ation in retrieved evidence, RAG systems achieve
improved factuality, reduced hallucination, and the
ability to access dynamic knowledge bases (Shuster
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et al., 2021). Concurrently, reinforcement learning
has emerged as a transformative approach for en-
hancing language model capabilities, with notable
successes in reasoning (Zelikman et al., 2022), in-
struction following (Ouyang et al., 2022), and math-
ematical problem-solving (Lightman et al., 2024).

Neural scaling laws have revealed predictable re-
lationships between compute investment and model
performance (Kaplan et al., 2020; Hoffmann et al.,
2022). Extending this paradigm to reinforcement
learning, recent large-scale studies have established
that RL training follows sigmoidal scaling curves
characterized by three phases: slow initial progress,
rapid improvement, and eventual saturation (Khatri
et al., 2025; Nimmaturi et al., 2025; Tan et al.,
2025), with diminishing returns as compute in-
creases (Hou et al., 2024). However, a fundamental
question remains unexplored: do these scaling laws
transfer to RAG systems, and if not, what new prin-
ciples govern RAG-RL scaling?

RAG introduces unique complexities that chal-
lenge existing scaling frameworks: (1) Informa-
tion Bottleneck. Unlike standard RL where model
parameters solely determine performance, RAG
interposes retrieval between input and generation;
even with unlimited RL compute, performance can-
not exceed what retrieved documents support. (2)
Multi-Component Interactions. RAG systems
comprise retrievers and generators with distinct,
potentially conflicting learning dynamics; the opti-
mal training strategy may depend non-trivially on
compute budget. (3) Credit Assignment Complex-
ity. When a RAG system errs, responsibility may
lie with retrieval, generation, or their interaction,
complicating reward signal propagation.

In this work, we present the first systematic study
of RL compute scaling for RAG, addressing three
research questions:

RQ1: What is the functional form of RAG-RL
scaling curves, and how do they differ from
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reasoning-only RL?
RQ2: How do retrieval-specific factors (document

count, corpus size, retriever quality) inter-
act with RL compute scaling?

RQ3: What algorithmic design choices are critical
for efficient RAG-RL scaling?

Our contributions are fourfold: (1) We propose
the Retrieval Bottleneck Hypothesis, a theoreti-
cal framework explaining why RAG-RL scaling
is bounded by retrieval quality, with empirical vali-
dation across diverse settings. (2) We conduct the
first comprehensive scaling analysis examining in-
teractions between RL compute and RAG-specific
factors, including retrieval dimensions, training ob-
jectives, reward design, and retrieval strategies. (3)
We provide systematic RL algorithm analysis com-
paring policy gradient methods, preference-based
approaches, and off-policy infrastructures, identi-
fying RAG-specific algorithm behaviors. (4) We
distill these insights into RAG-SCALERL, a prac-
tical recipe achieving strong performance on Hot-
potQA, Natural Questions, and FEVER (+5.4 EM
over Self-RAG under controlled comparison) with
predictable scaling.

2 Background

2.1 Retrieval-Augmented Generation
A RAG system consists of a retrieverR and a gen-
erator G. Given query q and corpus C, the retriever
selects top-k documents:

Dk = R(q, C, k) = {d1, ..., dk} (1)

The generator then produces output y conditioned
on q and Dk:

y ∼ G(y|q,Dk) (2)

Modern retrievers employ dense representations
(Karpukhin et al., 2020), while generators are
typically autoregressive language models. The
retriever-generator interface can be implemented
through concatenation, fusion-in-decoder (Izacard
and Grave, 2021), or cross-attention mechanisms.

2.2 RL for Language Models
Reinforcement learning fine-tunes language mod-
els to maximize expected reward:

LRL = −Ey∼πθ
[R(q, y)] (3)

where πθ is the policy (language model), q is the
input query, and R is a reward function. Common
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Figure 1: Comparison of standard RL and RAG-RL
information flow. (a) In standard RL, the model di-
rectly maps input to output with a straightforward up-
date loop. (b) RAG-RL introduces an information bot-
tleneck through retrieval: performance is bounded by
ARAG = min(Aret, Agen) · η, where η captures informa-
tion transfer efficiency. The question of what to update
(retriever, generator, or both) fundamentally changes
scaling dynamics.

algorithms include REINFORCE (Williams, 1992),
PPO (Schulman et al., 2017), and GRPO (Shao
et al., 2024).

3 Theoretical Framework

We propose a theoretical framework for understand-
ing RAG-RL scaling that explicitly accounts for
retrieval’s constraining role (Figure 1).

3.1 The Retrieval Bottleneck Hypothesis
Definition 1 (Retrieval Ceiling). Let Aret(k,R, C)
denote the maximum achievable performance given
retrieval configuration (k,R, C), assuming an op-
timal generator with unlimited capacity. Opera-
tionally, Aret is estimated as performance when
gold documents are guaranteed in the top-k.
Definition 2 (Generation Ceiling). Let Agen(G)
denote the maximum achievable performance given
generator G, assuming optimal retrieval providing
all necessary information. Operationally, Agen is es-
timated with oracle context containing all required
evidence. We verify Agen > Aret (retrieval is bind-
ing) via oracle experiments (Table 1): providing
gold passages yields 91–97% EM, far exceeding
retrieval ceilings of 61–89%.
Definition 3 (Information Transfer Efficiency).
Let η ∈ (0, 1] denote the fraction of retrievable
information that the generator successfully utilizes:

η =
ARAG

min(Aret, Agen)
(4)

where η < 1 reflects losses from imperfect context
integration, attention dilution over multiple docu-
ments, or misalignment between retrieved content
and generation requirements.
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Metric HotpotQA NQ FEVER

Agen (Oracle Context) 94.5 91.2 96.8
Aret (Fine-tuned Retriever) 67.2 61.3 89.3

Gap (Agen −Aret) 27.3 29.9 7.5

Table 1: Verification of the retrieval bottleneck assump-
tion. Agen is measured by providing oracle context (gold
passages) to the generator. The consistent positive gap
confirms Agen > Aret, validating that retrieval bounds
performance. See Appendix E.8 for methodology.

Retrieval Bottleneck Hypothesis. The asymptotic
performance of a RAG-RL system is bounded by:

ARAG = min(Aret, Agen) · η (5)

Empirically, η depends on training strategy:
generator-only training yields η ≈ 0.89–0.94,
while End-to-End training achieves η ≈ 0.96–0.97
(Table 5), indicating that joint optimization im-
proves information transfer efficiency. Crucially,
even with η approaching 1, performance remains
bounded by Aret—the bottleneck persists.

This hypothesis has immediate implications:
when Aret < Agen, increasing RL compute beyond
the point where generation capability matches re-
trieval ceiling yields diminishing returns.

3.2 Scaling Law Formulation
To capture the interplay between retrieval con-
straints and RL compute, we formalize RAG-RL
scaling as:

R = R0 + (Aeff −R0) · f(CRL) (6)

where R0 is initial performance, Aeff = ARAG ·
g(k, L) is the effective ceiling, and f(CRL) =

1
1+(Cmid/CRL)B

is the compute scaling term with effi-
ciency B and midpoint Cmid. The effective ceiling
separates two factors: ARAG bounds the theoret-
ical maximum based on retrieval quality, while
g(k, L) = kα

kα+β · min(1, L/Leff) models dimin-
ishing returns from additional documents and con-
text length saturation (fitted parameters: α ≈ 0.7,
β ≈ 3.2, Leff ≈ 3500 tokens).

3.3 Predictions
Our framework generates testable predictions:
(P1) Ceiling Saturation. When Aret ≪ Agen, the
scaling curve will plateau at ARAG ≈ Aret · η re-
gardless of additional RL compute.
(P2) Optimal-k Shift. When k is fixed through-
out training, the compute-optimal choice increases
with RL budget: k∗(C1) < k∗(C2) for C1 < C2.

(P3) Training Objective Crossover. Generator-
only training dominates at low compute; End-to-
End training achieves higher ceilings but requires
more compute to realize benefits.

4 Experimental Setup

4.1 Tasks and Datasets
We evaluate on three knowledge-intensive bench-
marks: HotpotQA (Yang et al., 2018), a multi-hop
reasoning task requiring synthesis across multiple
Wikipedia articles (we use the distractor setting
with 10 candidate documents); Natural Questions
(NQ) (Kwiatkowski et al., 2019), open-domain QA
derived from Google search queries requiring re-
trieval from full Wikipedia; and FEVER (Thorne
et al., 2018), fact verification requiring evidence
retrieval and claim classification.

4.2 Model Architecture
Generator. We use LLaMA-3-8B as our generator
for all experiments.
Retriever. Our default retriever is Contriever (Izac-
ard et al., 2021), with ablations on BM25, BGE-
large (Xiao et al., 2024), and fine-tuned variants.
Corpus. For NQ and FEVER, we retrieve from
Wikipedia (Dec 2021 snapshot) with 21M passages.
HotpotQA uses the distractor setting where each
question includes 10 provided candidate documents
(2 gold + 8 distractors), eliminating the need for
corpus-level retrieval.

4.3 RL Configuration
We employ GRPO (Shao et al., 2024) as our base-
line RL algorithm with batch size 768, learning rate
1 × 10−6 with cosine decay, KL coefficient 0.01,
and training steps ranging from 1K to 64K.
Compute Measurement. We measure RL com-
pute in training steps (batch size 768). On our
infrastructure (8×A100 80GB), 1K steps ≈ 1.9
GPU-hours.
Evaluation Metrics. Exact Match (EM), F1, Attri-
bution Accuracy (whether answers are supported
by cited documents), and Retrieval Recall@k.
Compute Budget. Our study spans approximately
150,000 GPU-hours, covering all configurations,
algorithm comparisons, and seeds. See Appendix
for details.

5 Baseline Scaling Analysis

We first establish baseline scaling behavior with
fixed retrieval configuration (k=5, Contriever re-
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Dataset R0 A B Cmid

HotpotQA 45.0 67.2 1.42 8.3K
NQ 32.0 51.8 1.28 12.1K
FEVER 72.0 89.3 1.61 5.7K

Table 2: Fitted scaling parameters for RAG-RL under
baseline configuration (k=5, Contriever retriever; for
HotpotQA, reranking from 10 distractor documents).
R0 denotes performance at RL training initialization; A
is the asymptotic ceiling; B controls efficiency; Cmid
(in training steps) is compute for half-maximum im-
provement. Note: final RAG-SCALERL performance
exceeds these baseline ceilings due to improved retriever
and dynamic k scheduling (see Section 9).
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Figure 2: RAG-RL scaling curves on three benchmarks.
Performance follows S-shaped curves but with lower
efficiency (B) than reasoning-only RL. Shaded regions
show 95% confidence intervals.

triever). For NQ and FEVER, this means retriev-
ing top-5 from full Wikipedia; for HotpotQA, we
rerank the 10 provided distractor documents and
select the top-5.

5.1 Scaling Curve Characterization

Figure 2 shows performance across RL compute
budgets. We observe: (1) RAG-RL follows the S-
shaped scaling predicted by Equation 6, validating
the general functional form; (2) RAG exhibits mod-
erate B values (Table 2), with efficiency varying
across tasks—FEVER shows the highest efficiency
(B=1.61) while NQ shows the lowest (B=1.28),
which we attribute to retrieval-induced gradient
variance; (3) The ceiling A is consistently below
the retrieval ceiling Aret, providing initial evidence
for the retrieval bottleneck (P1).

5.2 Comparison with Reasoning-Only RL

To isolate RAG-specific effects, we compare
against an equivalent generator trained on closed-
book QA (no retrieval) on NQ (Table 3). RAG
achieves a substantially higher ceiling (+12.3 EM),

Setting R0 A B Cmid

Closed-book 28.5 39.5 1.52 6.7K
RAG (k=5) 32.0 51.8 1.28 12.1K

∆ +3.5 +12.3 −0.24 +5.4K

Table 3: RAG vs. closed-book comparison on NQ. RAG
achieves substantially higher ceiling (A) but lower effi-
ciency (B) and higher compute requirement (Cmid).
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Figure 3: Interaction between document count k and
RL compute on NQ. Optimal k increases with compute
budget, validating prediction P2.

confirming retrieval’s value for knowledge access.
However, RAG exhibits lower efficiency (B: 1.28
vs. 1.52) and requires approximately 1.8× more
compute to reach equivalent performance levels
(Cmid: 12.1K vs. 6.7K), reflecting the information
bottleneck overhead. RAG training also exhibits
higher variance, requiring larger batch sizes for
stable convergence.

6 Retrieval Dimensions of Scaling

We systematically investigate how retrieval factors
interact with RL compute scaling. Unless other-
wise noted, experiments in this section use NQ
with full Wikipedia corpus, which provides suffi-
cient scale for varying retrieval parameters.

6.1 Document Count (k)
We vary k ∈ {1, 3, 5, 10, 20, 50} across compute
budgets on NQ (HotpotQA is excluded from this
ablation as it uses a fixed 10-document distractor
setting with reranking). Figure 3 reveals: (1) Small
k limits available information (low Aret), while
large k introduces noise that reduces efficiency (B);
(2) At 8K steps, k∗ = 5; at 32K steps, k∗ = 10,
validating P2 that models with more training learn
to leverage more documents; (3) Retrieval configu-
ration should be treated as a training schedule, not
a fixed hyperparameter.

6.2 Corpus Scale
Table 4 shows corpus scale effects: (1) larger cor-
pora provide more potential information, increas-
ing A; (2) retrieval from larger corpora is harder
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Corpus Size A Cmid Recall@5

100K 43.2 5.1K 78.3
1M 48.7 7.8K 71.2
10M 50.9 11.2K 64.5
21M (full) 51.8 12.1K 61.8

Table 4: Effect of corpus scale on NQ. Larger corpora
increase ceiling but also Cmid, requiring more compute.

Retriever Recall@5 A (Gen-Only) A (E2E) Aret

BM25 52.1 44.3 47.8 49.5
Contriever 61.8 51.8 56.0 58.2
BGE-large 68.4 55.2 58.1 60.5
Fine-tuned 74.2 57.8 59.2 61.3

Table 5: Retriever quality bounds achievable perfor-
mance on NQ (fixed k=5). End-to-End (E2E) training
consistently achieves higher ceilings than Gen-Only, but
the advantage diminishes with better retrievers (+4.2 for
Contriever vs. +1.4 for Fine-tuned), suggesting joint
optimization provides larger gains when retrieval has
more room for improvement.

(lower Recall@k), increasing Cmid; (3) at low com-
pute (<5K steps), smaller corpora outperform due
to easier retrieval, while at high compute, larger
corpora dominate.

6.3 Retriever Quality

Table 5 provides strong evidence for our hypothesis:
(1) Retriever Recall@k strongly predicts A (r =
0.97), confirming retrieval as a binding constraint;
(2) the fitted A consistently falls below Aret bounds
estimated from oracle retrieval experiments, with
gaps reflecting the efficiency factor η in Equation 5;
(3) before scaling RL compute, practitioners should
ensure retrieval quality is not the limiting factor.

7 Design Space Exploration

7.1 Training Objective

We compare four training strategies: Gen-Only (RL
on generator, frozen retriever), Ret-Only (RL on
retriever, frozen generator), Alternating (alternate
between components), and End-to-End (E2E; joint
optimization via REINFORCE through retrieval).
Figure 4 shows: (1) Gen-Only dominates below
8K steps, while End-to-End surpasses it beyond
16K steps, validating P3; (2) End-to-End exhibits
higher variance but achieves +4.2 EM at conver-
gence; (3) training only the retriever shows limited
gains, suggesting generator adaptation is essential
for exploiting improved retrieval.
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Figure 4: Training objective comparison. End-to-End
training requires more compute but achieves higher ceil-
ings, validating P3.

Reward EM Attr. Acc. B

Answer-Only 49.3 62.1 1.28
Answer+Attr. 51.8 78.4 1.35
Process 50.2 71.3 1.41

Answer+Attr.+Process 52.4 81.2 1.47

Table 6: Reward design comparison on NQ. Attribution-
aware rewards improve both accuracy and scaling effi-
ciency (B).

7.2 Reward Design

We compare reward formulations: Answer-Only
(R = 1[answer correct]), Answer+Attribution
(R = Rans + λRattr), and Process (intermediate
reasoning step rewards). Table 6 demonstrates that
attribution-aware rewards are critical: (1) answer-
only rewards encourage “guessing” without proper
evidence use, limiting generalization; (2) attribu-
tion rewards increase B by encouraging systematic
document utilization.

7.3 Retrieval Strategy

We compare retrieval timing strategies: One-shot
(single retrieval before generation), Iterative (re-
trieve, generate partial, retrieve again), and Adap-
tive (model decides when to retrieve). Table 7
shows iterative retrieval increases the ceiling at the
cost of higher Cmid, a tradeoff practitioners must
consider based on compute budget.

7.4 Component Ablation

Starting from our best configuration, we remove
components individually (Table 8). End-to-End
training and attribution rewards contribute most to
final performance; dynamic k scheduling provides
a moderate boost to overall performance, while
large batches primarily affect training efficiency.
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Strategy EM Latency Cmid

One-shot 51.8 1.0× 12.1K
Iterative (2-hop) 54.3 2.1× 18.4K
Adaptive 53.1 1.4× 14.2K

Table 7: Retrieval strategy comparison. Iterative re-
trieval improves ceiling but requires more compute.

Configuration ∆EM ∆B

Full RAG-SCALERL — —

− End-to-End training −4.2±0.3 −0.12
− Attribution reward −2.6±0.4 −0.19
− Dynamic k schedule −1.8±0.3 −0.08
− Process reward −1.1±0.2 −0.06
− Large batch (768→256) −0.9±0.2 −0.15

Table 8: Leave-one-out ablation of RAG-specific design
choices. RL algorithm ablations are presented in Sec-
tion 8. Results averaged over 3 seeds.

8 RL Algorithm Analysis

Having examined RAG-specific factors (document
count, retriever quality), we now analyze how
RL algorithm choices interact with RAG’s unique
characteristics: the retrieval bottleneck, dual-
component optimization, and retrieval-induced
variance.

8.1 Base Algorithm Selection

We compare PPO (Schulman et al., 2017) (learned
value function), GRPO (Shao et al., 2024) (group-
level reward normalization), and DAPO (Yu et al.,
2025) (asymmetric clipping to prevent entropy col-
lapse). RAG’s dual variance sources (retrieval +
generation) pose challenges: PPO’s value func-
tion struggles with varying retrieval contexts, while
GRPO’s group normalization handles this naturally.
Results (Figure 5, Table 9) show DAPO achieves
the highest ceiling and best performance. We rec-
ommend DAPO as the RAG-RL default—its asym-
metric clipping prevents overfitting to specific re-
trieval patterns.

8.2 Off-Policy Training Infrastructure

We compare PPO-off-policy-k (batch-style updates
with k-step staleness) and PipelineRL-k (streaming
updates with fresher policy ratios). RAG amplifies
off-policy challenges: retrieval results shift as the
generator evolves, and retriever-generator interac-
tion creates additional policy drift beyond single-
model RL. Figure 6 and Table 10 show PipelineRL
substantially outperforms PPO-off-policy, with
a larger gap in RAG than in reasoning tasks:
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Figure 5: Base algorithm comparison on NQ. (a) Scaling
curves show DAPO achieving the highest ceiling. (b)
At 32K steps, DAPO leads in both EM and attribution
accuracy.

Algorithm EM Attr. A B Cmid Grad Var

PPO 49.1±0.4 74.2±0.8 50.2 1.35 13.5K 0.18
GRPO 51.8±0.3 78.4±0.6 51.8 1.28 12.1K 0.24
DAPO 52.4±0.3 79.8±0.5 52.6 1.32 11.8K 0.21

Table 9: Base algorithm comparison on NQ (32K steps,
Gen-Only training). DAPO achieves the best ceiling
and efficiency while maintaining reasonable training
stability. Results averaged over 3 seeds.

PipelineRL-8 achieves A = 51.8 vs. PPO-off-
policy-8’s A = 49.5. This reflects RAG’s com-
pounded staleness—both generator policy and ef-
fective retrieval distribution drift simultaneously.
The off-policy choice is among the most conse-
quential decisions for RAG-RL, affecting achiev-
able ceiling, not just efficiency. We strongly rec-
ommend PipelineRL.

8.3 Policy Gradient Objectives

End-to-End training requires propagating gradients
through discrete retrieval. We compare four ob-
jectives: REINFORCE (Williams, 1992), REIN-
FORCE++ (Hu et al., 2025), CISPO (Khatri et al.,
2025), and RLOO (Ahmadian et al., 2024). Fig-
ure 7 and Table 11 show CISPO achieves the high-
est ceiling and best efficiency, followed by RLOO.
Vanilla REINFORCE reaches a competitive ceiling
but requires 1.4× the compute. CISPO’s truncated
importance sampling naturally handles the distri-
butional shift when both retriever and generator
update simultaneously, making it our recommenda-
tion for End-to-End RAG-RL.

8.4 Preference-based Optimization

Preference-based methods like DPO (Rafailov
et al., 2023) offer an alternative to explicit reward
modeling. For RAG, preference pairs naturally
encode attribution quality: chosen responses have
correct answers with accurate citations, while re-
jected responses have incorrect/missing attribution
or wrong answers. Figure 8 and Table 12 reveal an
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Figure 6: Off-policy method comparison. (a) Pipelin-
eRL consistently outperforms PPO-off-policy. (b)
PipelineRL achieves superior ceiling-efficiency trade-
offs.

Method EM A B Cmid Staleness

PPO-off-policy-4 50.1±0.4 50.8 1.22 14.2K 4 steps
PPO-off-policy-8 48.7±0.5 49.5 1.18 15.8K 8 steps
PipelineRL-4 51.5±0.3 52.1 1.30 11.5K 4 steps
PipelineRL-8 51.8±0.3 51.8 1.28 12.1K 8 steps

Table 10: Off-policy method comparison. PipelineRL
dominates across all metrics, with larger advantages
than in reasoning-only tasks. Results averaged over 3
seeds.

interesting trade-off: DPO achieves significantly
higher attribution accuracy but slightly lower EM,
suggesting it more strongly enforces the attribution
constraint. KTO (Ethayarajh et al., 2024), which
does not require paired preferences, shows interme-
diate behavior. We recommend DPO when attribu-
tion fidelity is paramount; for raw answer accuracy,
GRPO/DAPO remains preferable.

8.5 Unified Comparison and
Recommendations

We synthesize findings across all algorithmic di-
mensions. Figure 9 reveals that no single method
dominates all metrics: DAPO excels in EM, DPO
leads in attribution and stability, CISPO offers best
efficiency, and PPO provides highest stability. No-
tably, training infrastructure choices (PipelineRL
vs. PPO-off-policy) have substantial impact, on par
with algorithmic improvements. Table 13 summa-
rizes our recommended configuration.

Figure 10 examines algorithm interaction with
RAG-specific factors: DAPO maintains its advan-
tage across all document counts k, with the gap
widening at higher k where entropy preservation
becomes more critical, while all algorithms benefit
similarly from improved retriever quality. Based
on our analysis, we recommend: (1) PipelineRL-8
infrastructure (highest priority), (2) DAPO with
ϵmin = 0.1, ϵmax = 0.28, (3) CISPO for End-
to-End training, and (4) optional DPO fine-tuning
for attribution-critical applications. This configu-
ration forms the algorithmic foundation of RAG-
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Figure 7: Policy gradient objectives for End-to-End
training. (a) CISPO and RLOO achieve highest ceilings
with better efficiency. (b) CISPO provides the best sta-
bility.

Objective EM A B Cmid Grad Var Rew Var

REINFORCE 51.2±0.5 53.5 1.15 18.5K 0.42 0.35
REINFORCE++ 53.5±0.4 55.1 1.28 14.2K 0.28 0.21
CISPO 54.1±0.3 55.8 1.35 12.8K 0.22 0.18
RLOO 53.8±0.3 55.4 1.32 13.1K 0.24 0.19

Table 11: Policy gradient objectives for End-to-End
RAG-RL. CISPO provides the best ceiling, efficiency,
and stability. Results averaged over 3 seeds.

SCALERL.

9 The RAG-SCALERL System

9.1 The RAG-SCALERL Recipe
Based on our findings across retrieval dimensions
(Section 6), design space ablations, and RL al-
gorithm analysis (Section 8), we propose RAG-
SCALERL, a configuration optimized for large-
scale RAG-RL:
1. RL Algorithm: DAPO as base algorithm with

CISPO objective for End-to-End training
2. Training Infrastructure: PipelineRL-8 for off-

policy learning
3. Training Objective: End-to-End with

generator-first warmup (2K steps Gen-Only,
then joint)

4. Reward: Combined answer correctness (0.6),
attribution accuracy (0.3), and process reward
(0.1)

5. Retrieval Schedule: Start with k=3, increase to
k=10 following cosine schedule

6. Stability: Batch size 768, retrieval consistency
regularization, and gradient clipping at 1.0

7. Retriever: Fine-tuned dense retriever, ensuring
retrieval is not the bottleneck

9.2 Large-Scale Validation
The scaling parameters in Table 2 were fitted
under baseline configuration (Contriever, k=5);
RAG-SCALERL improves upon this through
fine-tuned retriever, dynamic k scheduling, and
End-to-End training, achieving 97.3% of the fit-
ted ceiling (53.9/55.4 EM on NQ). Under con-
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Figure 8: Preference-based methods in RAG. (a) DPO
achieves superior attribution accuracy at a small cost
to EM. (b) Decomposed metrics show DPO excels at
“both correct” cases.

Method EM Attr. Acc Both Correct Grad Var

GRPO 51.8±0.3 78.4±0.6 45.2±0.5 0.24
DPO 50.9±0.4 83.2±0.5 46.8±0.4 0.15
KTO 50.2±0.4 81.5±0.7 45.1±0.6 0.18

Table 12: Preference-based methods comparison. DPO
provides superior attribution accuracy and training sta-
bility, with competitive “both correct” performance. Re-
sults averaged over 3 seeds.
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Figure 9: Unified comparison across all methods on four
metrics: EM, Attribution Accuracy, Efficiency (B), and
Stability (inverse variance). DAPO and CISPO emerge
as top performers.

Component Recommended Alternative Impact

Base Algorithm DAPO GRPO Medium
Off-Policy Method PipelineRL-8 PipelineRL-4 High
E2E Objective CISPO RLOO Medium
Attribution Focus +DPO KTO Context-dep.

Table 13: Recommended algorithmic configuration for
RAG-RL. Impact indicates sensitivity of final perfor-
mance to this choice.

trolled comparison (Table 14), RAG-SCALERL
(64K)outperforms Self-RAG by +5.4 EM (NQ),
+5.0 EM (HotpotQA), and +4.3 EM (FEVER), with
32K→64K performance matching scaling law pre-
dictions within 0.3 EM.
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Figure 10: Algorithm interaction with RAG-specific
factors. (a) DAPO advantage persists across document
counts. (b) All algorithms benefit similarly from im-
proved retrievers.

Method HotpotQA NQ FEVER

Controlled Comparison†

SFT Baseline 58.3±0.4 44.2±0.3 82.1±0.2

Self-RAG (reproduced) 62.8±0.5 48.5±0.4 85.1±0.3

RAG-SCALERL (32K) 66.1±0.4 52.4±0.3 88.7±0.2

RAG-SCALERL (64K) 67.8±0.3 53.9±0.4 89.4±0.2

Reference Numbers∗

REPLUG 61.2 47.8 84.3
Self-RAG 63.5 49.1 86.2
RA-DIT 64.8 50.3 87.1

Table 14: Comparison with existing methods.
†Controlled comparison uses identical setup: LLaMA-
3-8B, Fine-tuned Contriever, Wikipedia 21M. Results
averaged over 3 seeds; improvements over Self-RAG
significant (p < 0.01, paired bootstrap). ∗Reference
numbers from original papers with different setups (Ta-
ble 18). See Table 19 for full statistical analysis.

Extrapolation Predicted Actual Error

32K → 64K 53.7 53.9 0.4%
16K → 48K 52.1 52.6 1.0%
8K → 32K 50.8 52.4 3.1%

Table 15: Scaling law extrapolation accuracy on NQ.
Short-range predictions are highly accurate.

9.3 Predictive Accuracy

We validate our scaling law’s predictive power by
fitting on partial data and extrapolating (Table 15).
Short-range extrapolations (2× compute) achieve
<1% error; longer extrapolations (4×) achieve
3.1% error, enabling informed compute allocation
decisions.

10 Conclusion

We establish the first scaling laws for RAG-RL. Our
Retrieval Bottleneck Hypothesis shows retrieval
quality, not RL compute, bounds asymptotic per-
formance. Three principles: (1) retrieval limits
ceiling; (2) design choices modulate efficiency; (3)
stable configs enable 3.1% error at 4× extrapo-
lation. These yield RAG-SCALERL, achieving
strong performance on knowledge-intensive bench-
marks with predictable scaling.
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Limitations

Our study has several limitations: (1) experiments
focus on extractive QA; generative and long-form
tasks may exhibit different scaling; (2) our analy-
sis uses 8B parameter models; frontier-scale mod-
els may show different behavior; (3) our retrieval
bottleneck analysis assumes Agen > Aret, verified
empirically, but this may not hold for systems with
near-oracle retrieval or very weak generators.
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A Detailed Experimental Configurations

A.1 Hyperparameter Settings

Table 16 provides complete hyperparameter configurations for reproducibility.

Hyperparameter Value

Model Configuration
Base model LLaMA-3-8B
Context length 4096 tokens
Retriever Fine-tuned Contriever

RL Configuration
Base algorithm DAPO (ϵmin=0.1, ϵmax=0.28)
E2E objective CISPO
Off-policy method PipelineRL-8
Batch size 768
Learning rate 1× 10−6

LR schedule Cosine decay
Warmup steps 100 (Gen-Only) + 2K (E2E)
KL coefficient 0.01
Gradient clipping 1.0

Retrieval Configuration
Initial k 3
Final k 10
k schedule Cosine
Corpus Wikipedia (21M passages)

Reward Configuration
Answer weight (α) 0.6
Attribution weight (β) 0.3
Process weight (γ) 0.1

Table 16: Complete hyperparameter configuration for RAG-SCALERL.

A.2 Algorithm-Specific Configurations

Table 17 provides the specific hyperparameter configurations used for each RL algorithm comparison in
Section 8.

A.3 Software and Hardware Details

A.3.1 Software Environment.

All experiments were conducted using Python 3.10.12 with PyTorch 2.1.0 and CUDA 12.1. We use
Transformers 4.36.0 for model implementation and DeepSpeed 0.12.3 with ZeRO Stage 2 for memory-
efficient training. Flash Attention 2.3.0 is enabled for efficient attention computation. For retrieval, we
use Faiss-GPU 1.7.4 for dense index search, and vLLM 0.2.7 for accelerated inference during rollout
generation.

A.3.2 Hardware Configuration.

Experiments were run on a cluster equipped with 8× NVIDIA A100 80GB GPUs per node, AMD EPYC
7763 64-Core Processors, and 1TB RAM per node. Nodes are connected via 400 Gbps InfiniBand HDR
interconnect, with a distributed NVMe SSD array for high-throughput data loading.

A.3.3 Distributed Training Configuration.

We employ a hybrid parallelism strategy combining data parallelism across 8 GPUs per node with ZeRO
Stage 2 for optimizer state sharding. We use gradient accumulation with 4 steps, mixed precision training
(BF16 for forward/backward passes, FP32 for optimizer states), and gradient checkpointing for sequences
exceeding 2048 tokens.
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Algorithm Hyperparameter Value

Policy Gradient Methods (Section 8.1)

PPO

Clip ratio ϵ 0.2
Value loss coefficient 0.5
GAE λ 0.95
Value network Separate head

GRPO
Clip ratio ϵ 0.2
Group size G 16
Advantage normalization Per-group

DAPO

Lower clip ϵmin 0.1
Upper clip ϵmax 0.28
Group size G 16
Entropy bonus 0.01

Advanced Objectives (Section 8.3)

REINFORCE Baseline None
Variance reduction None

REINFORCE++
Baseline Running mean
Clip ratio 0.2
Advantage normalization Global

CISPO
Truncation threshold c 5.0
Importance weight clipping [0.1, 10.0]
Stop gradient on weights Yes

RLOO Leave-one-out samples G− 1
Baseline computation Per-sample

Off-Policy Infrastructure (Section 8.2)

PPO-off-policy-k
Staleness k {4, 8}
Buffer size k× batch
Update frequency Every k batches

PipelineRL-k

Max staleness k {4, 8}
Streaming mode Continuous
Weight sync Immediate
KV cache Stale (from old policy)

Preference-Based Methods (Section 8.4)

DPO
β (temperature) 0.1
Reference model Frozen SFT
Label smoothing 0.0

KTO
β (temperature) 0.1
Desirable weight λD 1.0
Undesirable weight λU 1.0

Table 17: Algorithm-specific hyperparameter configurations for all RL methods compared in this work.

A.3.4 Reproducibility.

For reproducibility, we fix random seeds across all sources (PyTorch, NumPy, and Python random) to 42
and enable CUDA deterministic mode. All reported results are averaged over 3 independent runs with
seeds {42, 123, 456}, with standard deviations reported where applicable. The 95% confidence intervals
shown in figures are computed via bootstrap resampling with 1000 iterations.

B Algorithm Definitions

This section provides complete mathematical definitions for all RL algorithms compared in this work. We
present each algorithm’s objective function, key modifications, and theoretical motivation.
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B.1 Policy Gradient Methods
B.1.1 GRPO: Group Relative Policy Optimization
GRPO (Shao et al., 2024) eliminates the need for a learned value function by using group-relative
advantages. For a prompt x, the policy πθ generates G candidate completions {y1, . . . , yG}, each
receiving reward ri. The advantage is computed relative to the group:

Âi =
ri − µG

σG + ϵ
, where µG =

1

G

G∑

j=1

rj , σG =

√√√√ 1

G

G∑

j=1

(rj − µG)2 (7)

The GRPO objective with PPO-style clipping is:

LGRPO(θ) = −Ex,{yi}


 1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
ρi,tÂi, clip(ρi,t, 1− ϵ, 1 + ϵ)Âi

)

 (8)

where ρi,t =
πθ(yi,t|x,yi,<t)
πθold (yi,t|x,yi,<t)

is the importance ratio at token t.

B.1.2 DAPO: Decoupled Clip and Dynamic Sampling Policy Optimization
DAPO (Yu et al., 2025) extends GRPO with asymmetric clipping to prevent entropy collapse:

LDAPO(θ) = −Ex,{yi}


 1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
ρi,tÂi, clipasym(ρi,t)Âi

)

 (9)

where the asymmetric clipping function is:

clipasym(ρ) =

{
max(ρ, 1− ϵmin) if Âi < 0

min(ρ, 1 + ϵmax) if Âi ≥ 0
(10)

The key insight is that ϵmax > ϵmin (we use ϵmax = 0.28, ϵmin = 0.1) allows the policy to more
aggressively increase probability of good actions while conservatively decreasing probability of bad
actions, preventing premature entropy collapse.

B.1.3 REINFORCE++
REINFORCE++ (Hu et al., 2025) stabilizes vanilla REINFORCE through global advantage normalization
and clipping:

LREINFORCE++(θ) = −Ex,y




|y|∑

t=1

min
(
ρtÂ

global, clip(ρt, 1− ϵ, 1 + ϵ)Âglobal
)
log πθ(yt|x, y<t)


 (11)

where Âglobal = r−µbatch
σbatch+ϵ normalizes across the entire batch rather than per-group, and a running baseline

b = αb+ (1− α)µbatch with α = 0.99 further reduces variance.

B.2 Advanced Objectives
B.2.1 CISPO: Clipped Importance Sampling Policy Optimization
CISPO (Khatri et al., 2025) combines truncated importance sampling with vanilla policy gradient, using a
stop-gradient on the importance weights:

LCISPO(θ) = −Ex,{yi}


 1
∑G

j=1 |yj |

G∑

i=1

|yi|∑

t=1

sg (min(ρi,t, c)) Âi log πθ(yi,t|x, yi,<t)


 (12)

where sg(·) denotes the stop-gradient operator and c is the truncation threshold (we use c = 5.0). The key
differences from GRPO/DAPO are:
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1. Stop-gradient on weights: Prevents importance weights from affecting gradient computation,
improving stability.

2. Truncation instead of clipping: Uses min(ρ, c) rather than clip(ρ, 1 − ϵ, 1 + ϵ), which is less
sensitive to hyperparameter choice.

3. Prompt-level averaging: Normalizes by total tokens across all completions
∑

j |yj | rather than
per-sample.

B.2.2 RLOO: REINFORCE with Leave-One-Out Baseline
RLOO (Ahmadian et al., 2024) provides an unbiased, low-variance baseline by using leave-one-out
estimation:

LRLOO(θ) = −Ex,{yi}


 1

G

G∑

i=1

(
ri − bLOO

i

) |yi|∑

t=1

log πθ(yi,t|x, yi,<t)


 (13)

where the leave-one-out baseline for sample i is:

bLOO
i =

1

G− 1

∑

j ̸=i

rj (14)

This baseline is unbiased (unlike running mean baselines) and has lower variance than no baseline, as it
uses the maximum available information without including the current sample’s reward.

B.3 Off-Policy Training Infrastructure
B.3.1 PPO-off-policy-k
In PPO-off-policy-k, generation and training alternate in batches. The generator produces k batches of
rollouts using policy πθold , then the trainer performs k gradient updates:

θt+1 = θt − η∇θL(θt;Bj), j = 1, . . . , k (15)

where Bj was generated by πθt−j
. The staleness increases linearly within each batch cycle, with maximum

staleness of k steps.

B.3.2 PipelineRL
PipelineRL maintains a streaming pipeline where generators continuously produce rollouts while trainers
update parameters asynchronously:

1. Generators produce completions using policy πθgen with potentially stale KV cache.
2. Upon completing a batch, rollouts are immediately sent to trainers.
3. Trainers update θtrain and broadcast to generators.
4. Generators update θgen ← θtrain but continue with existing KV cache.

The key advantage is reduced effective staleness: while KV cache may be stale, the policy weights are
updated more frequently than in batch-style off-policy training. The maximum staleness parameter k
controls how far ahead trainers can proceed before waiting for generators.

In RAG settings, PipelineRL provides larger benefits than in reasoning-only RL because both the
generator policy and the effective retrieval distribution drift simultaneously. Fresh policy weights help
maintain alignment between the generator’s expectations and retrieved content.

B.4 Preference-Based Methods
B.4.1 DPO: Direct Preference Optimization
DPO (Rafailov et al., 2023) reformulates preference learning as a classification problem. Given preference
pairs (yw, yl) where yw is preferred over yl:

LDPO(θ) = −E(x,yw,yl)

[
log σ

(
β log

πθ(yw|x)
πref(yw|x)

− β log
πθ(yl|x)
πref(yl|x)

)]
(16)

where πref is the frozen reference policy (typically the SFT model) and β is a temperature parameter
controlling deviation from the reference.

For RAG, we construct preference pairs based on both answer correctness and attribution quality:
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• yw: Correct answer with accurate document citations
• yl: Incorrect answer, or correct answer with missing/wrong citations

B.4.2 KTO: Kahneman-Tversky Optimization
KTO (Ethayarajh et al., 2024) applies prospect theory to preference optimization, requiring only binary
feedback (desirable/undesirable) rather than paired preferences:

LKTO(θ) = Ex,y

[
w(y) ·

(
1− vKTO

(
β · (log πθ(y|x)− log πref(y|x))− zref

))]
(17)

where:

vKTO(x) =

{
1− exp(−x) if x ≥ 0 (desirable)
exp(x)− 1 if x < 0 (undesirable)

(18)

and w(y) = λD for desirable outputs, w(y) = λU for undesirable outputs. The reference point zref is the
expected log-ratio under the reference policy.

C Reward and Evaluation Definitions

This section provides precise definitions of all reward components and evaluation metrics used in this
work.

C.1 Reward Components

The total reward for a generated response y given query q and retrieved documents Dk is:

R(q, y,Dk) = α ·Rans(q, y) + β ·Rattr(y,Dk) + γ ·Rproc(y) (19)

where α = 0.6, β = 0.3, γ = 0.1 as specified in Table 16.

C.1.1 Answer Correctness Reward (Rans)
The answer correctness reward is a binary indicator:

Rans(q, y) =

{
1 if EM(extract(y), a∗) = 1 or F1(extract(y), a∗) ≥ 0.8

0 otherwise
(20)

where a∗ is the gold answer, extract(y) extracts the answer span from the generated response (using regex
patterns for bracketed answers or the final sentence), and EM/F1 are standard exact match and token-level
F1 metrics.

C.1.2 Attribution Reward (Rattr)
The attribution reward measures whether the generated answer is properly supported by cited documents.
We use an NLI-based attribution scorer:

Rattr(y,Dk) =
1

|S|
∑

s∈S
max

d∈Dcited(y)
NLIentail(d, s) (21)

where:
• S is the set of factual claims extracted from response y (using a claim extraction model)
• Dcited(y) ⊆ Dk are documents explicitly cited in y (identified via citation markers like “[1]”,

“according to Document 2”, etc.)
• NLIentail(d, s) ∈ [0, 1] is the entailment probability from an NLI model (we use DeBERTa-v3-large

fine-tuned on MNLI)
The attribution reward is 0 if no documents are cited. This encourages the model to explicitly ground

its answers in retrieved evidence.
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C.1.3 Process Reward (Rproc)
The process reward encourages structured reasoning before answering:

Rproc(y) = w1 · 1[has_reasoning(y)] + w2 · 1[cites_before_answer(y)] + w3 · coherence(y) (22)

where:
• has_reasoning(y): Binary indicator for presence of reasoning markers (“because”, “therefore”, “this

suggests”, etc.)
• cites_before_answer(y): Binary indicator that citations appear before the final answer
• coherence(y): Perplexity-based coherence score normalized to [0, 1]
• Weights: w1 = 0.4, w2 = 0.4, w3 = 0.2

C.2 Evaluation Metrics
C.2.1 Exact Match (EM)
Standard exact match after normalization:

EM(y, a∗) = 1[normalize(y) = normalize(a∗)] (23)

where normalization includes lowercasing, removing articles (a, an, the), removing punctuation, and
collapsing whitespace.

C.2.2 Token-level F1

F1(y, a∗) =
2 · Precision · Recall
Precision + Recall

(24)

where Precision = |y ∩ a∗|/|y| and Recall = |y ∩ a∗|/|a∗|, computed over normalized token sets.

C.2.3 Attribution Accuracy
Attribution accuracy measures how often generated answers are properly grounded:

Attr. Acc. =
1

N

N∑

i=1

1
[
Rattr(yi, D

(i)
k ) ≥ τ

]
(25)

where τ = 0.7 is the threshold for “properly attributed”. A response is considered properly attributed if
the average entailment score across its claims exceeds this threshold.

C.2.4 “Both Correct” Metric
This joint metric requires both answer correctness AND proper attribution:

Both Correct =
1

N

N∑

i=1

1
[
Rans(qi, yi) = 1 ∧Rattr(yi, D

(i)
k ) ≥ τ

]
(26)

C.2.5 Retrieval Recall@k

Recall@k =
1

N

N∑

i=1

1
[
D

(i)
gold ∩D

(i)
k ̸= ∅

]
(27)

where D
(i)
gold is the set of gold evidence documents for query i.

C.3 Variance Metrics
C.3.1 Gradient Variance
We measure gradient variance across training batches as:

Grad Var =
1

T

T∑

t=1

∥∇θLt − ḡ∥22
∥ḡ∥22

(28)

where∇θLt is the gradient at step t, ḡ is the running mean gradient, and we compute this over windows
of T = 100 steps. This normalized variance indicates training stability.
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C.3.2 Reward Variance
Reward variance measures consistency of rewards within prompt groups:

Reward Var = Ex

[
Vary∼π(·|x)[R(x, y)]

]
(29)

Lower reward variance indicates the policy produces consistent-quality outputs, while higher variance
may indicate exploration or instability.

D Scaling Law Methodology

This section details our methodology for fitting scaling curves and estimating parameters.

D.1 Curve Fitting Procedure
We fit the scaling law from Equation 6:

R = R0 + (Aeff −R0) ·
1

1 + (Cmid/CRL)B
(30)

Fitting Algorithm. We use a two-stage optimization procedure:
Stage 1: Grid Search for Initialization.
1. Fix R0 as the performance at step 0 (before any RL training)
2. Grid search over A ∈ [R0 + 5, 100] with step 1.0
3. For each A, grid search over Cmid ∈ [500, 50000] with 50 log-spaced values
4. For each (A,Cmid), fit B via least squares
5. Select the configuration minimizing MSE as initialization
Stage 2: Non-linear Optimization. Starting from the Stage 1 initialization, we run L-BFGS-B

optimization with bounds:
• A ∈ [R0, 100] (performance cannot decrease, cannot exceed 100%)
• B ∈ [0.5, 3.0] (empirically observed range for RL scaling)
• Cmid ∈ [100, 100000] (reasonable compute range)
We minimize the weighted MSE:

Lfit =

T∑

t=1

wt · (Rt − R̂(Ct))
2, wt =

√
Ct (31)

where the
√
Ct weighting emphasizes later training points, which are more indicative of asymptotic

behavior.

Implementation. We use SciPy’s curve_fit with method=’trf’ (Trust Region Reflective) for bounded
optimization. Convergence tolerance: 10−8. Maximum iterations: 5000.

D.2 Parameter Estimation for g(k, L)

The effective ceiling modifier g(k, L) in Equation 6 is:

g(k, L) =
kα

kα + β
·min

(
1,

L

Leff

)
(32)

Estimation Procedure. We estimate α, β, and Leff via the following procedure:
Step 1: Estimate Leff. We train models with varying context lengths L ∈
{512, 1024, 2048, 4096, 8192} tokens, keeping k = 5 fixed. We fit:

A(L) = Amax ·min

(
1,

L

Leff

)
(33)

using least squares, yielding Leff ≈ 3500 tokens.
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Step 2: Estimate α and β. With L = 4096 > Leff (so the L term is 1), we vary k ∈ {1, 3, 5, 10, 20, 50}
and fit the asymptotic performance A(k) to:

A(k) = Amax ·
kα

kα + β
(34)

We use grid search over α ∈ [0.3, 1.5] and β ∈ [1.0, 10.0], yielding α ≈ 0.7, β ≈ 3.2.

Fitted Values.

Parameter Value 95% CI

α 0.70 [0.62, 0.78]
β 3.2 [2.7, 3.8]
Leff 3500 tokens [3100, 3900]

D.3 Confidence Interval Computation

The 95% confidence intervals shown in Figure 2 are computed via bootstrap resampling:
1. For each compute checkpoint, we have n = 3 independent runs
2. Generate B = 1000 bootstrap samples by resampling with replacement
3. For each bootstrap sample, compute the mean performance
4. The 95% CI is the 2.5th and 97.5th percentiles of the bootstrap distribution
For fitted parameter confidence intervals (Table 2), we use:
1. Fit the scaling curve to each of the 3 independent runs
2. Report the mean and standard deviation of each parameter across runs
3. 95% CI is computed as: mean ± 1.96 × (std /

√
3)

D.4 Estimating Aret (Retrieval Ceiling)

The retrieval ceiling Aret in Table 5 is estimated via oracle retrieval experiments:
1. Oracle Document Selection: For each query, we force-include the gold evidence document(s) in the

top-k retrieved set, filling remaining slots with the retriever’s actual top-(k − |gold|) documents.
2. Training with Oracle: We train the generator with RL using these oracle-augmented retrievals.
3. Ceiling Estimation: Aret is the fitted asymptotic performance A from this oracle training run.
This provides an upper bound on what the generator could achieve if retrieval were perfect. The gap

between Aret and the actual fitted A reflects the retrieval bottleneck.

E Implementation Details

This section provides implementation details for key components of our RAG-RL system.

E.1 End-to-End Gradient Propagation

End-to-End training requires propagating gradients through the discrete retrieval operation. We use
CISPO for the generator and REINFORCE-style gradient estimation for the retriever, as the discrete top-k
selection is non-differentiable.

E.1.1 Retrieval as a Discrete Action.
The retriever produces a distribution over documents:

p(d|q) = exp(s(q, d)/τ)∑
d′∈C exp(s(q, d

′)/τ)
(35)

where s(q, d) is the retriever’s similarity score and τ is temperature. The top-k selection from this
distribution is non-differentiable, requiring policy gradient methods.
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E.1.2 Retriever Gradient Estimation.
For the retriever parameters ϕ, we estimate gradients via:

∇ϕEDk∼pϕ [R] = EDk
[R · ∇ϕ log pϕ(Dk|q)] (36)

The log-probability of selecting document set Dk is approximated as:

log pϕ(Dk|q) ≈
∑

d∈Dk

log pϕ(d|q) (37)

where we use independence assumption for tractability. The generator receives gradients through CISPO’s
truncated importance sampling, which handles the distributional shift when both components update.

E.1.3 Variance Reduction.
We apply three variance reduction techniques: (1) leave-one-out baseline subtraction following RLOO for
the retriever gradients, (2) gradient clipping to norm 1.0 for the retriever, and (3) retrieval consistency
regularization (Section E.3).

E.1.4 Warmup Strategy.
Following Table 16, we use a two-phase warmup: 100 steps of learning rate warmup during Gen-Only
pretraining, followed by 2K steps of End-to-End training warmup where retriever gradients are scaled by a
factor that linearly increases from 0.1 to 1.0. This prevents early instability from noisy retriever gradients.

E.2 Dynamic k Scheduling

We use a cosine schedule to increase k during training:

k(t) = kmin +
kmax − kmin

2

(
1− cos

(
π ·min(t, Tramp)

Tramp

))
(38)

where kmin = 3 is the initial document count, kmax = 10 is the final count, Tramp = 16000 is the number
of steps to reach kmax, and t is the current training step. The schedule increases k slowly at first (when
the model is learning to use few documents), accelerates in the middle, and plateaus at kmax. This follows
prediction P2 that optimal k increases with training.

E.3 Retrieval Consistency Regularization

To stabilize End-to-End training, we add a consistency regularization term that encourages the retriever to
maintain stable rankings:

Lconsist = λc · Eq [KL (pϕ(d|q)∥pϕold(d|q))] (39)

where ϕold is an exponential moving average of retriever parameters with ϕold ← 0.999 · ϕold + 0.001 · ϕ.
This prevents the retriever from making drastic changes that destabilize the generator’s learned behavior.
We use λc = 0.1.

E.4 Fine-tuned Retriever Training

Our fine-tuned Contriever is trained on task-specific data with three types of training signals: positive
pairs consisting of (query, gold evidence document) from training sets, hard negatives from the top-100
BM25 results excluding gold documents, and in-batch negatives from other queries’ positives in the same
batch.

We train Contriever (110M parameters) with batch size 128 queries × 1 positive × 7 hard negatives,
learning rate 2× 10−5 with 1000-step linear warmup, for 10,000 steps total. We use InfoNCE loss with
temperature τ = 0.05 and AdamW optimizer with weight decay 0.01. Fine-tuning improves Recall@5
from 61.8% (base Contriever) to 74.2% on NQ, a 20% relative improvement.
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E.5 HotpotQA Distractor Reranking

For HotpotQA’s distractor setting (10 provided documents: 2 gold + 8 distractors), we rerank to select top-k
by encoding the query and all 10 documents with the retriever, computing similarity scores si = sim(q, di),
and selecting Dk = argtopk({si}). This reranking is applied at both training and inference time. With
our fine-tuned retriever, reranking achieves 94.2% Recall@5 for gold documents (compared to 50% for
random selection).

E.6 Corpus Subsampling

For corpus scale experiments (Table 4), we create subcorpora via three steps: seed selection (include all
passages containing gold answers for training queries), random expansion (sample additional passages to
reach target size), and deduplication (remove near-duplicate passages with Jaccard similarity > 0.8). All
subcorpora maintain 100% gold coverage with average passage length ≈98 tokens.

E.7 Baseline Setup Comparison

Table 18 provides a detailed comparison of experimental setups across methods compared in this work.
Numbers marked as “Original” are taken from the respective published papers and may use different
model architectures, retrievers, and corpora. For controlled comparison, we reproduced Self-RAG under
our exact experimental setup.

Method Base Model Params Retriever Corpus Source

REPLUG LLaMA-2-7B 7B Contriever Wiki 20M Original
Self-RAG LLaMA-2-7B 7B Contriever Wiki 20M Original
RA-DIT Mistral-7B 7B BGE-base Wiki 21M Original

Self-RAG (repr.) LLaMA-3-8B 8B FT-Contriever Wiki 21M Reproduced
RAG-SCALERL LLaMA-3-8B 8B FT-Contriever Wiki 21M Ours

Table 18: Experimental setup comparison across methods. “Original” = numbers from published papers; “Repro-
duced” = re-implemented under our setup; “FT-Contriever” = Fine-tuned Contriever. The controlled comparison
in Table 14 uses identical setup (LLaMA-3-8B, Fine-tuned Contriever, Wikipedia 21M passages) to ensure fair
evaluation.

Self-RAG Reproduction Details. We reproduced Self-RAG by implementing its core mechanisms
(self-reflection tokens for retrieval decisions, critic tokens for response quality assessment) using our
LLaMA-3-8B base model. Training followed the original paper’s procedure: (1) training critic and retrieval
decision models on distilled data, (2) fine-tuning the generator with special tokens. We used identical
retrieval setup (Fine-tuned Contriever, Wikipedia 21M) and evaluation protocol as RAG-SCALERL. The
reproduced Self-RAG achieves 48.5 EM on NQ, slightly lower than the original paper’s 49.1 EM, likely
due to differences in base model capabilities (LLaMA-3-8B vs. LLaMA-2-7B have different pre-training
data and architectures).

E.8 Verification of the Retrieval Bottleneck Assumption

To verify that retrieval is the binding constraint (Agen > Aret), we estimate Agen through oracle context
experiments.

Methodology. For each test query, we construct oracle context by concatenating all gold evidence
passages (HotpotQA: 2 gold paragraphs; NQ: the passage containing the answer; FEVER: the evidence
sentence(s)). We use the RL-trained generator (64K steps, RAG-SCALERL configuration) to generate
answers given the oracle context, then compute EM as an estimate of Agen.

Results. Table 1 shows Agen substantially exceeds Aret across all benchmarks: NQ (91.2% vs 61.3%,
gap: 29.9), HotpotQA (94.5% vs 67.2%, gap: 27.3), and FEVER (96.8% vs 89.3%, gap: 7.5). The
consistent positive gap confirms retrieval as the binding constraint.
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Why Agen < 100%? The gap from 100% reflects: (1) ambiguous questions with multiple valid answers
not in the gold set, (2) annotation noise in ground truth, and (3) complex reasoning errors. These factors
affect both oracle and retrieval settings equally and do not change the bottleneck conclusion.

E.9 Statistical Significance Analysis

Table 19 provides per-seed results and statistical significance tests for the main comparison between
RAG-SCALERL and Self-RAG.

Method Seed HotpotQA NQ FEVER

Self-RAG (repr.)
42 62.5 48.2 84.9
123 63.1 48.9 85.4
456 62.8 48.4 85.0

Mean±Std 62.8±0.5 48.5±0.4 85.1±0.3

RAG-SCALERL (64K)
42 67.5 53.6 89.2
123 68.1 54.2 89.6
456 67.8 53.9 89.4

Mean±Std 67.8±0.3 53.9±0.4 89.4±0.2

∆ (Mean) +5.0 +5.4 +4.3
95% CI (bootstrap) [4.2, 5.8] [4.7, 6.1] [3.8, 4.8]
p-value <0.001 <0.001 <0.001

Table 19: Per-seed results and statistical significance for RAG-SCALERL vs Self-RAG. All experiments use
identical setup (LLaMA-3-8B, Fine-tuned Contriever, Wikipedia 21M). 95% confidence intervals computed via
paired bootstrap test (10,000 resamples). All improvements are statistically significant (p < 0.001).

Statistical Testing Methodology. We employ paired bootstrap testing following ?. For each comparison,
we resample paired predictions 10,000 times with replacement and compute the improvement distribution.
The 95% confidence interval is derived from the 2.5th and 97.5th percentiles. The p-value represents the
proportion of bootstrap samples where the improvement is ≤ 0.

F Additional Results

F.1 Per-Dataset Scaling Curves

Figure 11 shows the detailed scaling curves for each dataset. All three datasets exhibit the characteristic
S-shaped curves predicted by our framework, with dataset-specific variations:

• HotpotQA: Fastest initial gains (Cmid = 8.3K) due to constrained distractor setting. The 10-
document pool limits retrieval noise, enabling faster learning.

• NQ: Slowest scaling (Cmid = 12.1K) due to full-corpus retrieval challenge. Higher retrieval noise
increases gradient variance.

• FEVER: Highest efficiency (B = 1.61) as fact verification has clearer reward signals than open-
ended QA.

F.2 Retriever Quality Analysis

Table 20 provides detailed analysis of how retriever quality affects scaling parameters.

Retriever R@5 R@10 A B

BM25 52.1 61.3 44.3 1.18
Contriever 61.8 70.2 51.8 1.28
BGE-large 68.4 76.8 55.2 1.34
BGE-reranker 71.2 79.1 56.8 1.38
Fine-tuned 74.2 82.3 57.8 1.42

Table 20: Extended retriever analysis showing correlation between retrieval quality and scaling parameters.
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Figure 11: Per-dataset RAG-RL scaling curves with fitted sigmoid functions and 95% confidence intervals. Squares
mark Cmid (half-maximum compute). HotpotQA shows fastest scaling due to constrained retrieval; FEVER achieves
highest efficiency (B=1.61); NQ exhibits slowest scaling due to full-corpus retrieval noise.

F.3 Training Stability Analysis
We measure training stability via gradient norm variance and reward variance across configurations
(Table 21).

Configuration Grad Var Reward Var

Gen-Only 0.12 0.08
Ret-Only 0.31 0.15
Alternating 0.24 0.12
End-to-End 0.38 0.18

E2E + Consistency Reg 0.21 0.11

Table 21: Training stability across configurations. Consistency regularization substantially reduces end-to-end
training variance.

F.4 Complete Numerical Results
Table 22 provides complete numerical results for the document count (k) ablation shown in Figure 3.

Table 23 provides complete numerical results for the RL algorithm comparison.

G Theoretical Analysis

G.1 Derivation of the Retrieval Bottleneck Bound
We provide a formal derivation of Equation 5. Let I(Dk;Y

∗) denote the mutual information between
retrieved documents Dk and the gold answer Y ∗. The data processing inequality gives:

I(Q;Y ∗) ≥ I(Dk;Y
∗) ≥ I(Ŷ ;Y ∗) (40)
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Compute k=1 k=3 k=5 k=10 k=20 k=50

2K steps 38.2 40.1 39.5 38.8 37.2 34.5
4K steps 41.5 43.8 44.2 43.5 41.8 38.2
8K steps 43.2 46.5 47.8 48.1 46.2 42.5
16K steps 44.1 48.2 50.1 51.2 49.8 45.8
32K steps 44.5 49.0 51.2 52.8 51.5 47.2

Fitted A 44.8 49.5 52.1 53.5 52.2 48.0
Fitted B 1.45 1.38 1.32 1.25 1.18 1.05

Table 22: Complete results for document count ablation on NQ. Bold indicates best performance at each compute
level. Optimal k increases with compute budget.

8K steps 32K steps Fitted Parameters
Algorithm EM Attr. Both EM Attr. Both A B Cmid

PPO 42.5 68.2 35.8 49.1 74.2 41.2 50.2 1.35 13.5K
GRPO 44.2 71.5 38.2 51.8 78.4 45.2 51.8 1.28 12.1K
DAPO 45.1 72.8 39.5 52.4 79.8 46.8 52.6 1.32 11.8K

REINFORCE 40.2 65.5 32.8 51.2 75.2 43.5 53.5 1.15 18.5K
REINFORCE++ 44.8 72.1 39.2 53.5 78.8 46.2 55.1 1.28 14.2K
CISPO 46.2 74.5 41.2 54.1 80.2 48.1 55.8 1.35 12.8K
RLOO 45.8 73.8 40.5 53.8 79.5 47.2 55.4 1.32 13.1K

PPO-off-4 43.5 70.2 37.2 50.1 76.5 43.8 50.8 1.22 14.2K
PPO-off-8 42.1 68.5 35.5 48.7 74.8 42.1 49.5 1.18 15.8K
PipelineRL-4 45.2 73.2 40.1 51.5 78.2 45.5 52.1 1.30 11.5K
PipelineRL-8 44.8 72.5 39.5 51.8 78.4 45.2 51.8 1.28 12.1K

DPO 43.8 76.5 38.8 50.9 83.2 46.8 51.5 1.25 13.8K
KTO 43.2 74.8 37.5 50.2 81.5 45.1 50.8 1.22 14.5K

Table 23: Complete numerical results for all RL algorithms on NQ. “Both” = Both Correct metric. Bold indicates
best in each algorithm category.

where Q is the query and Ŷ is the generated answer. Performance is bounded by information in retrieved
documents:

Acc(Ŷ , Y ∗) ≤ f(I(Dk;Y
∗)) ≤ f(Imax(k,R, C)) (41)

This establishes the retrieval ceiling Aret.

G.2 Optimal k Analysis

The expected reward as a function of k can be written as:

E[R(k)] = P (relevant ∈ Dk) ·R+ − λ · Noise(k) (42)

where R+ is the reward for correct answers and Noise(k) captures distraction from irrelevant documents.
The optimal k satisfies:

∂P (relevant ∈ Dk)

∂k
= λ

∂Noise(k)
∂k

(43)

As training progresses, the model’s robustness to noise increases (effective λ decreases), shifting k∗

upward.
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H Related Work

H.1 Retrieval-Augmented Generation
Retrieval-Augmented Generation has emerged as a foundational paradigm for grounding language model
outputs in external knowledge (Zhou et al., 2025a,c, 2026c,c; Fan et al., 2026). The seminal RAG
framework (Lewis et al., 2020) and REALM (Guu et al., 2020) established joint training of retrieval
and generation components. Subsequent developments have focused on improving retrieval-generation
interaction: Atlas (Izacard et al., 2023) demonstrated few-shot learning with retrieval augmentation at
scale, while Fusion-in-Decoder (Izacard and Grave, 2021) enhanced multi-document reasoning through
cross-attention mechanisms (Zhou and Zhou, 2025; Zhou et al., 2025b). Recent innovations address when
and how to retrieve: Self-RAG (Asai et al., 2024) introduces self-reflective retrieval with learned critique
tokens that adaptively decide retrieval timing, IRCoT (Trivedi et al., 2023) interleaves retrieval with
chain-of-thought reasoning for multi-step questions, and FLARE (Jiang et al., 2023) proposes forward-
looking active retrieval that anticipates future content needs. For improving RAG systems through training,
REPLUG (Shi et al., 2024) treats language models as black boxes augmented with tunable retrievers,
while RA-DIT (Lin et al., 2024) introduces dual instruction tuning that jointly optimizes retriever and
generator. Our work differs from prior RAG research by focusing not on architectural innovations but on
understanding how reinforcement learning compute scales within RAG systems, revealing fundamental
constraints imposed by the retrieval information bottleneck.

H.2 Reinforcement Learning for Language Models
Reinforcement learning has become central to aligning language models with human preferences and
improving task-specific capabilities (Bae et al., 2026; Yu et al., 2025). RLHF (Ouyang et al., 2022)
demonstrated that RL fine-tuning substantially improves helpfulness, while Constitutional AI (Bai et al.,
2022) extended this to harmlessness through AI feedback. Algorithmic advances have progressed rapidly:
DPO (Rafailov et al., 2023) reformulates preference learning as supervised fine-tuning without explicit
reward modeling, GRPO (Shao et al., 2024) eliminates the value function through group-relative reward
normalization for mathematical reasoning, and KTO (Ethayarajh et al., 2024) applies prospect-theoretic
optimization using only binary feedback signals. More recent work addresses training stability and
efficiency: DAPO (Yu et al., 2025) introduces asymmetric clipping to prevent entropy collapse, RLOO
(Ahmadian et al., 2024) provides unbiased low-variance gradients through leave-one-out baselines, and
REINFORCE++ (Hu et al., 2025) stabilizes critic-free training via global advantage normalization.
Infrastructure innovations such as asynchronous RLHF (Noukhovitch et al., 2024) enable efficient off-
policy training at scale. These studies primarily focus on closed-book settings where model parameters
solely determine performance; our work extends RL scaling analysis to RAG systems where retrieval
introduces an information bottleneck that fundamentally alters optimization dynamics.

H.3 Neural Scaling Laws
The discovery of neural scaling laws (Kaplan et al., 2020; Zhou et al., 2026b,a; Zuo et al., 2025) has
transformed compute allocation for model training, revealing power-law relationships between compute,
data, parameters, and performance (Zhou et al., 2026a). Hoffmann et al. (2022) demonstrated compute-
optimal training requires balancing model size and training tokens, establishing “Chinchilla-optimal”
configurations. Scaling analysis has since expanded beyond pretraining: Snell et al. (2024) showed that
scaling test-time compute can be more effective than scaling model parameters, while Wu et al. (2024)
established inference scaling laws for compute-optimal problem-solving. For reinforcement learning
specifically, recent empirical studies (Tan et al., 2025) have begun characterizing how RL training scales
across multiple axes including batch size, learning rate, and training steps, revealing characteristic learning
dynamics with task-dependent efficiency. Our contribution extends scaling law analysis to the intersection
of RL and RAG, where we identify novel phenomena including retrieval-bounded performance ceilings,
compute-dependent optimal document counts, and training objective crossovers dynamics that cannot be
predicted from existing scaling frameworks designed for single-component systems.
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