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Abstract

Retrieval-augmented generation (RAG) sys-
tems rely on retrieval models for identifying
relevant contexts and answer generation models
for utilizing those contexts. However, retrievers
exhibit imperfect recall and precision, limiting
downstream performance. We introduce RAG-
RL, an answer generation model trained for
multi-hop question answering (MHQA) to not
only generate answers but also to identify and
cite relevant information from larger sets of re-
trieved contexts, shifting some of the burden
of identifying relevant documents from the re-
triever to the answer generator. Our approach
uses curriculum learning, where models are
trained across retrieval settings with varying
levels of noise. Our experiments show that
training samples with fewer distractor docu-
ments enable models to acquire citation and rea-
soning skills with greater sample efficiency and
generalizability, demonstrating strong model
performance even as the number of irrelevant
passages increases. We benchmark our meth-
ods on three open-domain MHQA datasets and
report significant gains in answer and citation
accuracy. Furthermore, our experiments pro-
vide empirical insights into how simpler train-
ing samples can give models stronger signals
for learning specific skills (e.g., citation gener-
ation) and how different components of post-
training (e.g., training set construction, rule-
based rewards, training sample ordering, etc.)
impact final model performance.'

1 Introduction

Retrieval-augmented generation (RAG; Guu et al.,
2020; Lewis et al., 2020; Wang et al., 2024a) re-
lies on retrieval and generation models working
together to retrieve and integrate external contexts
effectively for answering questions or generating

*This work was completed during an internship at News-
Break.

!Code is available at https://github.com/jh603/
mhga-cl

Question: Who is the maternal grandfather of Floris De
Voogd?

Hop 1: Title: Floris de Voogd
“Floris de Voogd (c. 1228-1258) ... son of Floris IV,
Count of Holland and Matilda of Brabant ...”

v

Hop 2: Title: Matilda of Brabant, Countess of Hol-
land

“Matilda ... was the daughter of Henry I, Duke of
Brabant and Mathilde of Flanders ...”

<reasoning>

The question asks for the maternal grandfather of Floris
de Voogd. The passage "Floris de Voogd" provides infor-
mation about Floris de Voogd’s parents: Floris IV, Count
of Holland and Matilda of Brabant.

Since Matilda of Brabant is the mother of Floris de
Voogd, Henry I, Duke of Brabant is the maternal grandfa-
ther of Floris de Voogd.

</reasoning>

<answer>

Final answer: Henry I, Duke of Brabant

Supporting passages: Matilda of Brabant, Countess of
Holland, Floris de Voogd

</answer>

Figure 1: An example of a multi-hop reasoning chain
taken from the MuSiQue dataset. RAG-RL generated
the reasoning trace and final answer/citations observed
in the green block.

content. While previous works have made signifi-
cant progress in improving these systems by opti-
mizing retrieval and reranking models (Zhang et al.,
2024a; Gutiérrez et al., 2025; Weller et al., 2025),
challenges persist when it comes to retrieving rel-
evant real-world contexts that require reasoning,
especially those whose relevance goes beyond se-
mantic similarity (Su et al., 2024). Moreover, prior
work has demonstrated that generative models of-
ten struggle to effectively integrate information
across multiple documents, a limitation attributed
to their constrained reasoning capabilities, partic-
ularly in domains such as code generation (Wang
et al., 2024b) and in settings involving long-context
retrieval (Zhou et al., 2025; Yen et al., 2025).

In this work, we tackle the aforementioned
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challenges by training reasoning language mod-
els (RLMs) capable of performing reasoning over
a greater number of retrieved documents. Prior ap-
proaches for improving RAG have focused on opti-
mizing the retrieval and reranking components by
maximizing metrics such as recall@5s. In contrast,
we propose shifting some of the retrieval burden
from the retriever to the generation model itself.
An answer generation model that can effectively
differentiate between relevant and irrelevant con-
texts, when given a longer list of retrieved pas-
sages, would reduce dependence on high-precision
retrieval and increase recall by instead maximiz-
ing metrics such as recall@10 or recall@25 (Jin
et al., 2025).

Building on the recent success of reinforcement
learning (RL) in enhancing the reasoning capabil-
ities of LLMs in the domains of mathematics and
coding (Wei et al., 2025; Xie et al., 2025), we apply
Group Relative Policy Optimization (GRPO; Shao
et al., 2024) with simple, rule-based rewards to im-
prove the answer generation component of RAG
systems. We show that RAG-RL achieves sub-
stantial performance gains in both answer and ci-
tation generation on three open-domain multi-hop
question-answer datasets. Furthermore, our com-
prehensive evaluation demonstrates that RAG-RL
achieves improved performance both in distractor-
rich and gold-only settings.> These settings respec-
tively mirror the use of a weaker retrieval model
or a more advanced retrieval and/or reranking sys-
tems, and demonstrate that RAG-RL can be used in
conjunction with past works on improving retrieval
models for further improved performance.

We also conduct a comprehensive study on how
different curriculum learning settings affect model
performance in post-training. Specifically, we
study the effectiveness of introducing question-
answer training samples of varying difficulty levels
and the impact that the ordering of the training set
has on the final performance of the model. We
observe that (1) adding easier samples during train-
ing teaches the model to more quickly learn how
to generate citations as the model no longer has
to identify which contexts are relevant, (2) cur-
ricula that scale problem difficulty linearly from
easiest to hardest perform worse when compared
to min-max curricula that begin with the easiest
samples and jump straight to the hardest samples,

2Gold documents are documents from which the answer to
a given question can be deduced, while distractor documents
are those that do not contain relevant information.

and (3) the benefits of deliberately ordering train-
ing samples from easiest to hardest, as proposed
by previous curriculum learning studies (Bengio
et al., 2009) are not conclusively supported in RL-
based post-training. These empirical observations
suggest that constructing training sets of different
difficulty levels can increase sample efficiency and
generalization by targeting specific skills.

In summary, the main contributions of this work
are as follows:

* We introduce RAG-RL, a model specifically
trained for MHQA answer generation in RAG,
using RL and curriculum learning.

* We train models across a comprehensive set
of different curriculum construction and cur-
riculum learning settings.

* We provide several empirical insights on the
effectiveness of different curricula, and how
different aspects of the post-training process
contribute to final model performance.

2 Related Work
2.1 RAG Systems

Rather than relying solely on parametric knowl-
edge, RAG has been widely used in tasks that re-
quire external information (Guu et al., 2020; Lewis
et al., 2020; Wang et al., 2024a). Previous works
have made tremendous progress in designing and
training sophisticated retrieval and reranking mod-
els (Gutiérrez et al., 2025; Weller et al., 2025)
for open-domain question answering (Chen et al.,
2017). One important line of work has focused on
improving the encoder models that are used in the
embedding generation process (Lee et al., 2025a;
Muennighoff et al., 2025), while another has fo-
cused on designing retrieval systems that focus
on drawing connections between multiple differ-
ent documents (Guo et al., 2024; Gutiérrez et al.,
2025). Rank1 (Weller et al., 2025) has also recently
demonstrated that allocating test-time compute for
document reranking can lead to performance im-
provements when retrieving contexts that require
in-depth reasoning. Past work has also sought
to take advantage of the long context lengths of
modern-day LLMs by providing these models with
larger sets of retrieved documents, but have shown
that these models struggle to effectively identify
relevant contexts as the number of retrieved pas-
sages increases (Jin et al., 2025; Zhou et al., 2025;
Yen et al., 2025).
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2.2 Multi-Hop Question Answering

A multi-hop question requires combining informa-
tion across multiple passages and performing rea-
soning to arrive at a correct answer (Mavi et al.,
2024; Nishida et al., 2019). The number of pieces
of information required to successfully answer
the question is referred to as the number of hops.
The terms passages and documents are used inter-
changeably to denote disjoint contexts that are re-
trieved by a retrieval model. Figure 1 demonstrates
how RAG-RL operates in the multi-hop question-
answering setting.

2.3 Reasoning Language Models

With the introduction of RLMs in OpenAl’s ol
models (OpenAl et al., 2024), the research com-
munity has made progress in replicating similar
models that have shown impressive performance
in tasks that require reasoning, driven in part due
to R1’s release (DeepSeek-Al et al., 2025). Prior
works have demonstrated the potential for training
smaller-scale RLMs in the domains of mathemat-
ics, logic, and coding (Xie et al., 2025; Wei et al.,
2025) and have also achieved impressive perfor-
mance. However, to the best of our knowledge, no
one has trained RLMs specifically for the answer
generation component of RAG.

2.4 Curriculum Learning

Curriculum learning (Bengio et al., 2009) has
been extensively studied as a training paradigm
that orders training samples by increasing dif-
ficulty, leading to improved generalization. In
question answering (QA), it has been used to
reduce distributional shifts between pre-training
and downstream fine-tuning datasets (Zhang et al.,
2024b). Recent advances in LLMs have incorpo-
rated curriculum-inspired self-improvement mech-
anisms (Lee et al., 2025b), where models itera-
tively augment their training data with instances
they can already solve, to facilitate generalization
to slightly more complex reasoning tasks. In RL,
curriculum learning has also been applied to grad-
ually expose agents to more challenging environ-
ments (Narvekar et al., 2020); however, its effec-
tiveness remains task-dependent, with some studies
reporting only marginal gains (Xie et al., 2025).

3 RAG-RL

In this section, we include a detailed overview of
the training process for RAG-RL. We outline the

rule-based rewards used in the policy update algo-
rithm and then introduce the curriculum construc-
tion settings used in our experiments.

3.1 Reward Modeling

In our work, we use RL as our post-training method
as it eliminates the need for training sets consisting
of high-quality supervised trajectories produced
either by humans or stronger models.

Our rule-based rewards consist of three com-
ponents: answer rewards, citation rewards, and
formatting rewards. Importantly, we note that to
receive any answer or citation rewards, proper for-
matting is a prerequisite.

Answer Rewards To incentivize correct final an-
swers, we define the answer reward as:

Ranswer = “Yanswer ° 1(Oamswer = Ganswer)a 1)

where oanswer 1S the generated final answer,
Glanswer 18 the ground truth answer, and Ygpnswer
is a scaling factor, which we set to 5 for our experi-
ments.

Citation Rewards To reward correct citations,
we define the citation reward as:

R citations = Yeorrect * Recall(ocitatiOHS7 Gcitations) @)

— Yincorrect * Cincorrect

where recall denotes the fraction of relevant ci-
tations cited in the final answer Ocitations, G citations
is the list of ground truth citations, Cincorrect 18 the
number of incorrect citations, and both Ycoprect and
Yincorrect are the scaling factors which we set to 5
and 2 respectively.

Formatting Rewards To enforce the desired out-
put format, we assign a reward of Ygormat fOr correct
formatting (i.e., the presence of proper XML tags
and required headings) while imposing a penalty p
for outputs with excessive text or non-English Uni-
code characters.> Formally, we define the reward
as:

if formatting is correct

fi ’
Rformatting = {’Y ormat (3)

P, otherwise.

3This penalty has proven particularly beneficial for improv-
ing training stability by encouraging the model to generate
responses in English.
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Figure 2: Overview of two curriculum construction settings used during training. Linear denotes a curriculum that
scales the difficulty level (the number of distractor passages) from 1 to H, while min-max denotes a curriculum that
is split evenly between the easiest and the hardest problems.

Total Reward and Objective Function The
overall reward for a training sample is the sum
of the individual components:

Riotal = Ranswer + Reitation + 7zformatting‘

This reward is then used in the GRPO algorithm for
policy optimization (Shao et al., 2024). The scaling
constants we choose in our experiments weigh cor-
rectness more than formatting, and in preliminary
experiments, we observed no significant changes
in performance when adjusting these parameters
by small amounts.

3.2 Curriculum Construction

Curriculum construction builds training sets by se-
lecting or generating samples across a range of
difficulty levels. In this work, we investigate two
main difficulty axes: (1) synthetic difficulty, where
training samples are algorithmically constructed to
span predefined difficulty levels, and (2) accuracy-
based difficulty, where the base model’s perfor-
mance determines which samples it can or cannot
solve before any post-training is applied.

Synthetic Difficulty Given a question @, and a
set of documents D, we partition D into a set of
gold documents DT and a set of distractor docu-
ments D~ . The number of hops required to cor-
rectly answer @ is given by j = |D™|, while
h = |D~| represents the number of retrieved dis-
tractor documents. Naturally, the difficulty of a
multi-hop question can be measured along two di-
mensions: the number of hops required j and the
number of distractor documents provided to the
generation model from D~ . For training RAG-RL,
we define the difficulty of a training sample solely
based on the subset size of D~ that we provide
to the generation model. The easiest training sam-
ples contain at most one distractor document along
with all gold documents, while the hardest samples

include the full set of all retrieved documents. For-
mally, a training sample .S; of difficulty level [ is
defined as

S =[Q.ADY. D3 ,....Df Dy, Dy ... Dy},

where d = min (max(l +2 —j, 0), h),
where the order of the documents in each S; is
shuffled to ensure a realistic retrieval setting.

Since the minimum number of hops required
among all of our datasets is 2, a difficulty level
of 1 corresponds to 1 distractor document for a 2-
hop question. It follows that the highest difficulty
level we can effectively introduce is thus h, which
we denote as H going forward. This definition of
synthetic difficulty ensures that all gold contexts
are retrieved regardless of difficulty level.

While the datasets we use contain 2-hop, 3-hop,
and 4-hop questions, we focus on the number of dis-
tractor documents as the primary axis of difficulty.
This choice is motivated by the limited granularity
offered by hop count alone, as the vast majority
of questions in all three datasets we use are 2-hop
questions. For completeness, we include an abla-
tion in Section 5.4 that jointly considers both the
number of hops and distractor documents by sort-
ing each question by the number of hops and then
augmenting each question to span a pre-defined
curriculum. Moreover, in Appendix C.5 we present
results that show a negative correlation between
model performance and the number of hops in each
question.

Accuracy-Based Difficulty An alternative way
to define the difficulty of a training sample is to
benchmark the base model’s performance on each
sample. Specifically, we compute the pass@k of
each training sample and partition the dataset into
two subsets: samples with pass@k = 1 and samples
with pass@k = 0. We refer to the former as base-
answerable and the latter as base-unanswerable.
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A prediction is considered correct if the generated
final answer achieves an F1 score of 1 when com-
pared to the ground truth answer.

4 Experiments

4.1 Datasets

We evaluate RAG-RL on three open-domain
multi-hop question answering benchmarks: Hot-
potQA (Yang et al., 2018), MuSiQue (answer-
able) (Trivedi et al., 2022), and 2Wiki (Ho et al.,
2020). While HotpotQA has been shown to be
a weaker test for multi-hop reasoning due to the
presence of spurious signals (Trivedi et al., 2023),
we include it due to its widespread use but mainly
focus on the other two datasets in our discussions.

4.2 Training Setup

We use Qwen2.5-7B-Instruct (Qwen et al., 2025)
as our base model and employ GRPO for the post-
training process.* Approximately five thousand QA
pairs are sourced from each dataset’s respective
training sets. All experiments train for a single
epoch with a constant learning rate of 1.0e-6, a
global batch size of 294, KL coefficient of 0.01, and
7 rollouts for each of the 42 problems in each batch.
Each model was trained on Nvidia H100 GPUs.
While we observe that reward signals continue to
improve beyond 120 steps, we limit training to
5,000 samples due to computational constraints.
To assess the generalizability of our experiments
to larger training sets, we include additional runs
in Appendix C.1, which confirm that the trends
and insights we report hold consistently at scale.
Additional dataset construction and training details
can be found in Appendices A and B.

4.3 Baselines

We report the performance of our base model,
Qwen2.5-7B-Instruct, as our first baseline. For
an additional fine-tuned baseline (FT-Baseline), we
use the max curriculum, which fine-tunes the model
on samples at the highest difficulty level H, match-
ing the difficulty of problems expected at test-time.
To compare our methods with previous works, we
measure the performance of our models in two set-
tings: the distractor setting and the ideal retrieval
setting. The distractor setting consists of provid-
ing the generation model all gold passages and up

*Additional experimental results using Llama3.1-8b-
Instruct and supervised fine-tuning instead of RL can be found
in Appendices C.2 and C.3.

to 18 distractor passages, which is comparable to
having the reasoning model handle both reranking
and answer generation. On the other hand, in the
ideal retrieval setting, the reasoning model is given
only the gold truth passages, which is comparable
to using a strong retrieval and reranking system.

Previous works on improving multi-hop
question-answer performance, such as Beam
Retrieval (Zhang et al., 2024a) and Smoothing
R3 (Yin et al., 2023), have primarily focused
on optimizing the retrieval component of RAG
and utilize span prediction models for answer
generation, thus making a direct comparison of
generator performance difficult. To better isolate
and evaluate generation quality, we adopt the
ideal retrieval setting as a more controlled and
comparable benchmark. When comparing the
performance of RAG-RL to the few past studies
that have focused on improving answer generation
models (Jin et al., 2025; Zhang et al., 2024c),
RAG-RL achieves SOTA performance.

4.4 Curriculum Learning Settings

To investigate the effectiveness of curriculum con-
struction in the post-training process, we bench-
mark several different curricula. As defined in Sec-
tion 3.2, synthetic difficulty levels range from 1
to H, while accuracy-based difficulty partitions
training samples into base-answerable and base-
unanswerable subsets. Figure 2 provides an il-
lustration of the main synthetic curricula used in
our experiments. We define a function Csetting :
{1,...,n} = {1,..., H} that maps an index i in
the training set to its corresponding difficulty level
under each setting. We set H to be 10, 20, and 10
for HotpotQA, MuSiQue, and 2Wiki respectively.

4.4.1 Synthetic Curricula Variants

* Max: Each sample in the training set is pre-
sented at the maximum difficulty level (i.e.,
the difficulty level expected at test time). Thus,
the difficulty function is defined as:

Chax(i) = H, Vie{l,...,n}

* Linear: The training set is partitioned into
K equally sized subsets, with difficulty levels
increasing linearly from 1 to K. The mapping
function is thus:

Clinear (i) = {H : Z-‘

n
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Eval. Setting Curriculum HotpotQA MuSiQue 2Wiki
Answer F1  Citation F1  Joint FI ~Answer F1 Citation F1 Joint F1 ~Answer F1 Citation F1  Joint F1

Baseline 60.65 36.47 45.55 25.88 25.35 25.61 48.71 40.18 44.03
= FT-Baseline (Max) 66.04 73.93 69.76 40.91 53.07 46.20 67.99 77.08 72.25
g Linear 68.71 78.54 73.30 44.68 59.79 51.14 68.92 83.23 75.40
2 Min-Max 68.87 81.64 74.72 47.18 64.48 54.49 70.77 76.37 73.46
A Base-Answerable 66.19 72.81 69.34 41.40 54.28 46.97 68.56 76.36 72.25

Base-Unanswerable 65.25 71.13 68.06 38.84 52.15 44.52 66.59 72.04 69.21
= Baseline 67.90 63.26 65.50 41.16 58.16 48.21 70.29 54.49 61.39
.§ FT-Baseline (Max) 74.25 86.26 79.81 54.64 68.84 60.92 71.82 78.53 75.02
b5 Linear 75.67 89.34 81.94 61.10 73.90 66.89 74.31 88.82 80.92
f Min-Max 76.18 93.13 83.81 65.06 81.51 72.37 75.06 80.37 77.63
.§ Base-Answerable 74.76 83.69 78.98 57.53 67.75 62.22 72.61 79.98 76.11
- Base-Unanswerable 75.23 82.99 78.92 54.53 68.37 60.67 71.04 74.30 72.63

Table 1: Model performance under the distractor and ideal retrieval evaluation settings across different curriculum
construction settings. We use up to 5,000 training samples for all runs as outlined in Section 4.2. The best-performing
curriculum for each metric is bolded. Additional training runs with larger training sets are provided in Appendix C.1.

* Min-Max: The training set is split into two
equal parts, where the first half consists of
the easiest difficulty level (1) and the second
half consists of the hardest difficulty level (H).
The function is defined as:

1, ifi<mn/2

Crin-nax (1) = 17 ifi>n/2

4.4.2 Accuracy-Based Curricula

* Base-Answerable: The training set includes
only samples from the maximum synthetic
difficulty level that are base-answerable.

* Base-Unanswerable: The training set in-
cludes only samples from the maximum
synthetic difficulty level that are base-
unanswerable.

4.5 Evaluation

To benchmark the performance of our RLMs, we
evaluate the F1 scores of the generated answer and
passage-level citations on the validation sets pro-
vided by our selected benchmark datasets. We sam-
ple each response 3 times and take the average F1
score among all generations. Joint F1, which cap-
tures both answer and citation correctness, serves
as our primary metric. Dataset statistics can be
found in Appendix A.

5 Results

Our results section is organized into subsections,
beginning with the main findings, followed by an
investigation of several research questions. The
primary goals of our experiments are twofold: first,

A

Max
Validation Citation Reward

Linear

—e— Min-Max -
Validation Answer Reward

1.09

0.5

0.0

—0.51

Validation Exact Match

Validation Citation Reward

-1.01 d T T
0 25 50 75
Steps

T T
100 125

Figure 3: Plots of validation answer and citation rewards
during training for three curricula on the MuSiQue
dataset.

Metric Answer F1  Citation F1  Joint F1
Pass@1 25.42 25.11 25.26
Pass@32 43.38 45.46 44.40

Table 2: Base model pass@k on the MuSiQue dataset.

to evaluate whether curriculum learning can en-
hance RL-based post-training; and second, to iden-
tify which components of the post-training pipeline
contribute most significantly to final model perfor-
mance and why.

5.1 Main Results

Table 1 presents the performance of our baseline
model and the RLMs we trained under our outlined
curriculum construction settings in the distractor
and ideal retrieval evaluation settings. The results
strongly support the notion that curriculum learning
can help improve RL-based post-training. Across
all three datasets and both evaluation settings, the
min-max and linear curricula achieve the highest
joint F1, improving over the max curriculum by a
margin of 3 to 8 points.
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Eval. Setting  Sample Ordering Answer F1  Citation F1  Joint F1

Sorted by Difficulty 44.68 59.79 51.14
Distractor Randomly Shuffled 4427 60.35 51.07
Sorted by Hops and Difficulty 43.78 61.20 51.04
Sorted by Difficulty 61.10 73.90 66.89
Ideal Randomly Shuffled 60.80 73.47 66.53
Sorted by Hops and Difficulty 60.94 75.16 67.31

Table 3: Ablation study on training sample ordering
using the linear curriculum on the MuSiQue dataset.
Results are reported under both distractor and ideal re-
trieval settings.

5.2 Does adding easier samples improve
performance?

The primary difference between our synthetic cur-
ricula and the max variant is the introduction of eas-
ier training samples. The results in Table 1 show
that all the curricula that contain easier samples
outperform the max curriculum. Figure 3 shows
that the validation citation reward climbs much
faster for the min-max curriculum, suggesting that
training samples with few distractor passages allow
the model to learn how to generate correct cita-
tions with greater sample efficiency. Given a large
number of distractor passages, the model must first
identify potential candidates and then reason over
them. These findings indicate that easier samples
in the synthetic curricula serve to teach citation
skills early in training, which can then be refined
by harder examples that require multi-step reason-
ing over longer contexts.

5.3 Do we need granular problem difficulty?

Previous work in the area of self-improvement has
shown that LL.Ms exhibit limited generalizability
and that gradually increasing the difficulty levels of
training samples from weak-to-strong is effective
for helping models generalize beyond their initial
training distributions (Lee et al., 2025b). However,
our results suggest that this is not always necessary
as the min-max curriculum outperforms the linear
curriculum in most cases. We believe this to be
a byproduct of our base model having relatively
strong performance on the task before any post-
training is applied. We show our base model’s
pass@32 in Table 2 and find that these scores are
comparable to our fine-tuned baseline.

5.4 Does dataset ordering matter?

Curriculum learning strategies where training sets
are ordered from easy to hard have been success-
fully employed in many areas of machine learn-
ing (Soviany et al., 2022). To assess the impact

of sample ordering on model performance, we ex-
periment with three variants of a linear curriculum:
(i) samples sorted by difficulty, measured as the
number of distractors; (ii) samples presented in a
randomly shuffled order; and (iii) samples first or-
dered by the number of hops and then augmented
to span the linear curriculum. As shown in Ta-
ble 3, the resulting F1 scores across these curricula
are broadly comparable. These findings suggest
that, in this setting, the specific ordering of training
examples does not yield consistent or significant
performance differences.

5.5 Training on base-answerable versus
base-unanswerable samples

We observe that models trained on base-answerable
samples consistently outperform those trained on
base-unanswerable samples. As shown in Table 4,
this trend holds across both the distractor and ideal
retrieval settings. We hypothesize that the supe-
rior performance from training on base-answerable
samples stems from their alignment with the base
model’s pretrained capabilities. This is reminiscent
of findings from Zhang et al. (2025), which demon-
strate that supervised fine-tuning is most effective
when responses are aligned with the base model’s
pretrained distribution.

Another possibility for the worse performance
from base-unanswerable samples stems from these
samples producing a greater number of groups
where the rewards among all samples are equal,
resulting in a computed advantage of zero and thus
no gradient signal nor policy update. The Dynamic
sAmpling Policy Optimization (DAPO; Yu et al.,
2025) algorithm also notes this limitation, and they
address this challenge by over-sampling across the
entire dataset and discarding prompts that yield uni-
form rewards across generated responses. Based
on our results, we believe tackling this issue from
a curriculum construction angle can also yield im-
proved training efficiency.

5.6 What rule-based rewards matter?

Recent works have observed that performance
gains from using algorithms such as GRPO might
stem from improved output formatting rather than
improvements in reasoning ability (Petrov et al.,
2025). To isolate this phenomenon and see how
answer and citation rewards contribute to final
model performance, we conduct an ablation where
we train our models with only formatting rewards
(Eq. 3), omitting the answer (Eq. 1) and citation
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Eval. Setting Curriculum HotpotQA MuSiQue 2Wiki
Answer F1 Citation F1 Joint F1 Answer F1 Citation F1 Joint F1 Answer F1 Citation F1 Joint F1
Baseline 61.31/9.21 4489/3565 51.83/14.64 4096/4.63 2791/1925 3320/7.46 61.64/6.75 42.71/33.80 50.45/11.25
5 FT-Baseline (Max)  82.63/18.07 76.01/68.70 79.18/28.61 63.87/13.51 5554/47.51 59.41/21.04 84.42/17.37 76.53/7550 80.28/28.25
B Linear 86.26/20.48 80.84/73.02 83.46/31.99 70.18/18.82 62.70/53.70 66.23/27.87 85.00/23.14 83.77/80.32 84.38/35.93
2 Min-Max 86.27/20.40 83.21/76.46 84.71/32.20 71.73/22.89 67.42/58.47 69.51/32.90 87.83/20.41 77.66/74.19 82.43/32.02
a

Base-Answerable

Base-Unanswerable  82.94/16.71 72.74/65.35

82.63/17.09 75.08/66.20 78.67/27.16 65.62/16.17 57.97/47.65
77.51/26.62 63.59/14.49 554474581

61.56/24.15
59.23/22.01

86.26/17.42 77.29/75.14 81.53/28.28
83.92/16.16 71.42/73.19 77.17/26.48

Table 4: Model performance under the distractor evaluation setting evaluated on base-answerable and base-
unanswerable evaluation sets. We use up to 5,000 training samples for all runs as outlined in Section 4.2. Results
under the ideal retrieval setting can be found in the Appendix in Table 12.

Eval. Setting Curriculum Answer F1 Citation F1 Joint F1
Baseline 25.88 25.35 25.61

Distractor FT-Baseline 40.91/37.97 53.07/36.44 46.20/37.19
Min-Max 47.18/41.30 64.48/42.21 54.49/41.75
Baseline 41.16 58.16 48.21

Ideal FT-Baseline 54.64/50.59 68.84/55.58 60.92/52.97
Min-Max 65.06/57.95 81.51/57.18 72.37/57.56

Curriculum Mean Tokens Median Tokens
Baseline 168 152
FT-Baseline (Max) 185 160
Linear 203 168
Min-Max 220 179

Table 5: MuSiQue formatting ablation. The first num-
ber in each cell denotes the use of both accuracy and
formatting rewards, while the second number in each
cell denotes the use of only formatting rewards.

rewards (Eq. 2).

Table 5 presents results on the MuSiQue
dataset that demonstrate that employing format-
ting rewards alone using the min-max curriculum
achieves higher answer F1 compared to that of the
max curriculum with all rewards. While adding
additional answer and citation rewards increases
the sample efficiency of the post-training process,
this ablation demonstrates that choosing the appro-
priate training curriculum also plays a major role.
We propose that post-training using formatting re-
wards alone can serve as a stronger baseline before
incorporating accuracy-based metrics.

5.7 Performance on previously unsolved
samples

To evaluate the extent to which RL-based post-
training and curriculum learning enhance model
performance on previously unsolved questions,
we additionally partition the evaluation set into
base-answerable and base-unanswerable subsets.
As shown in Table 4, both the min-max and lin-
ear curricula yield the greatest gains on the base-
unanswerable subset. Nevertheless, a notable per-
formance gap remains between the two subsets.
These results suggest that, while curriculum learn-
ing can improve a model’s ability to address previ-
ously challenging examples, generalization to out-
of-distribution samples remains a key limitation of
RL-based post-training (Xiong et al., 2025a).

Table 6: Response length statistics on the MuSiQue
dataset under the distractor setting. We report the mean
and median number of generated tokens for each train-
ing curriculum.

5.8 Response Length Across Curricula

Table 6 reports statistics on the average completion
length of each our models, measured as the number
of tokens generated per answer for each training
curriculum on the MuSiQue dataset. Compared to
the baseline model, all curriculum-trained models
exhibit a moderate increase in response length. We
observe a correlation between the mean number
of generated tokens and overall curriculum perfor-
mance during post-training.

6 Discussion

In this work, we introduce RAG-RL, a reasoning
language model specifically trained for the answer
generation component of RAG for MHQA. Our
experiments demonstrate that stronger answer gen-
eration models can reduce the burden on retrieval
models by reasoning over larger sets of retrieved
contexts and that curriculum learning is a powerful
tool for improving sample efficiency and general-
ization during post-training.

Our experiments and ablations support the fol-
lowing key observations: (1) curriculum construc-
tion is a powerful method for improving post-
training performance, (2) easier training samples
(i.e., those with fewer distractor documents) pro-
vide models with a stronger signal for learning
how to generate citations, and (3) LLMs do not
necessarily benefit the most from curricula with
gradually increasing difficulty levels (i.e., min-max
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performs better than a linear curriculum in most of
our experiments). While RL-based post-training
methods have unlocked a new dimension of scaling
for LLMs, our experiments take an in-depth look
into understanding which components of these post-
training methods contribute to improving model
performance and why.

Future Work Our findings suggest that LLMs
exhibit limited generalization with performance
gains extending only marginally beyond the train-
ing distribution. To address this, we propose a
systematic categorization of training samples into
base-answerable and base-unanswerable instances.
Empirically, we find that incorporating synthetic
difficulty levels in curriculum construction enables
models to acquire citation and reasoning skills with
greater sample efficiency and generalizability. Ex-
ploring algorithmic curriculum generation methods
that target specific areas of improvement, especially
for tasks lacking natural difficulty levels, is an ex-
citing research direction.

7 Limitations

While RAG-RL achieves strong performance
across multiple multi-hop QA benchmarks, a key
limitation of our experimental setup is the assump-
tion that all relevant gold documents are present
in the retrieved set. In real-world scenarios, this
assumption may not hold. We suggest explicitly
training the model to return an “unanswerable” re-
sponse when the retrieved context lacks sufficient
information. Additionally, our curriculum construc-
tion process employs a static progression through
difficulty levels, advancing to harder samples re-
gardless of whether the model has fully converged
on earlier stages. In contrast, prior work on cur-
riculum learning often adopts adaptive schedulers
that revisit easier examples and only proceeds to
more difficult ones once the model’s performance
plateaus. Incorporating such adaptive strategies
may further enhance training efficiency and gener-
alization, and we leave this as an avenue for future
exploration.
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A Dataset Construction

To construct our synthetic difficulty-based cur-
ricula, we randomly sample 5,000 training sam-
ples from each of the respective training sets pro-
vided by HotpotQA, MuSiQue, and 2Wiki. These
datasets each provide distractor passages on similar
topics that serve to increase the difficulty of the QA
task compared to sampling random passages from
their corpora.

To construct the base-answerable and base-
unanswerable accuracy-based curricula, we start by
randomly selecting up to 40,000 training samples
from each of the respective training sets, and we
use our base model to partition the questions into
those with pass@k = 1 for base-answerable and
pass@k = 0 for base-unanswerable. We take the
maximum answer F1 score across 8 generations
for each question to assess pass@k. We then clip
the number of training samples so that both the
base-answer and base-unanswerable training sets
have the same number of training samples (approx-
imately 5,000).

We provide the dataset statistics for all of our
datasets in Tables 7 and 8 and note that the respec-
tive number of samples in each dataset are depen-
dent on the base model’s performance, as well as
the respective sizes of each dataset’s original train-
ing and evaluation set sizes.

Number of Training Samples

Curriculum HotpotQA  MuSiQue 2Wiki
FT-Baseline (Max) 5000 5000 5000
Linear 5000 5000 5000
Min-Max 5000 5000 5000
Base-Answerable 3991 4057 4468
Base-Unanswerable 3991 4057 4468

Table 7: Number of training samples for each curricu-
lum and dataset.

Number of Evaluation Samples

Setting HotpotQA  MuSiQue 2Wiki
Distractor 1000 1000 1000
Ideal Retrieval 1000 1000 1000
Distractor

(Base-Answerable/Unanswerable) 810 681 1000
Ideal Retrieval 512 379 1000

(Base-Answerable/Unanswerable)

Table 8: Number of evaluation samples for each dataset
and evaluation setting.
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Eval. Setting Curriculum Answer F1  Citation F1  Joint F1 Eval. Setting Curriculum  Answer F1 ~ Citation F1 ~ Joint F1
Baseline 25.88 25.35 25.61 Baseline 28.04 31.47 29.65

Distractor Max 42.76 63.33 51.05 Distractor FT-Baseline 45.29 66.86 54.00
Linear 44.05 63.08 51.87 Linear 42.70 61.36 50.35
Min-Max 26.40 38.41 31.29 Min-Max 48.66 68.70 56.97

Table 9: Model performance when using supervised
fine-tuning as the post-training algorithm.

B Training

We use the Axolotl package® to conduct our post-
training. For GRPO specifically, we use a beta
of 0.01 and a clipping parameter of 0.2. A full
list of all the hyperparameters used during training
can be found in our code in the supplementary
materials. We plan to release all of our code, data,
and models as an open-source GitHub repository
at the conclusion of the review process.

C Additional Experiments
C.1 Training on Larger Train Sets

The training runs presented in Section 5 are based
on subsets of up to 5,000 samples, constrained by
computational limitations and the large number
of post-training runs required across our curric-
ula. To assess the scalability of our findings to
larger training set sizes, we include additional re-
sults in Table 11, using 40,000 training samples
for HotpotQA and 19,900 for MuSiQue. These re-
sults confirm that the trends and conclusions in the
main paper continue to hold at larger scales. We
do not include experiments with base-answerable
and base-unanswerable subsets in this setting due
to the reduced number of samples remaining after
filtering for base-unanswerable instances.

C.2 Curriculum Learning with Supervised
Fine-Tuning

While our work primarily focuses on using GRPO,
we include additional experiments when using su-
pervised fine-tuning (SFT; Ouyang et al., 2022) in
Table 9. To create a high-quality training set for
SFT, we use a rejection sampling approach (Dong
et al., 2023) by generating 8 responses per question
and using only the correct responses for fine-tuning.
The results in Table 9 show that SFT outperforms
GRPO in the max curriculum setting, demonstrat-
ing the importance of data quality and the strong
performance of rejection sampling that has also
been noted in Xiong et al., 2025b. Additionally, we

Shttps://github.com/axolotl-ai-cloud/axolotl

Table 10: Model performance on MuSiQue when using
Llama-3.1-8B-Instruct as the base model.

see that the min-max curriculum performed quite
poorly when compared to the max and linear cur-
ricula. We found that this stemmed from the fact
that it was quite difficult to generate a large num-
ber of high-quality training samples at the highest
difficulty level.

C.3 Using Llama as a Base Model

We include a subset of our experiments where
Llama-3.1-8B-Instruct (Dubey et al., 2024) is
used as the base model in Table 10. The results
demonstrate that the min-max curriculum achieves
slightly better performance compared to the max
and linear curricula.

C.4 Performance on Base-Answerable and
Base-Unanswerable Questions

Table 11 reports the complete results for both the
distractor and ideal retrieval settings, evaluated sep-
arately on base-answerable and base-unanswerable
questions. Notably, in the ideal retrieval setting,
answer F1 scores are lower than those observed
in the distractor setting. Upon closer analysis, we
attribute this trend to limitations of the F1 metric,
which can assign partial credit to answers that are
incorrect. When we replaced F1 with the exact
match (EM) metric, we observed smaller perfor-
mance gains on the base-unanswerable subsets and
more comparable results across the two retrieval
settings.

C.5 Model Performance Grouped by Number
of Hops

Table 13 includes the results from Appendix C.1
when grouping by the number of hops required
by each question. The results show that as the
number of hops increases per question, model per-
formance consistently decreases. However, the
models trained with the min-max curriculum still
achieve the highest F1 scores.
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Setting  Curriculum HotpotQA MuSiQue

Answer F1 Citation F1 Joint F1 Answer F1 Citation F1  Joint F1

ol Baseline 60.65 36.47 45.55 25.88 25.35 25.61
é FT-Baseline (Max) 68.52 71.55 70.00 46.06 64.66 53.80
% Linear 72.65 80.53 76.39 47.93 68.45 56.38
A Min-Max 74.97 81.25 77.98 55.13 69.27 61.40
o Baseline 67.90 63.26 65.50 41.16 58.16 48.21
< FT-Baseline (Max) 74.79 77.38 76.06 59.04 77.99 67.21
_q§ Linear 77.94 86.45 81.97 64.84 85.23 73.65
= Min-Max 79.74 87.38 83.38 69.79 86.81 77.37

Table 11: Model performance under the distractor and ideal retrieval settings for different curriculum construction
settings given larger training set sizes. We use between 20,000-40,000 training samples for all runs as outlined in
Appendix C.1.

D Example Prompts and Outputs

The system prompt and user instructions we use to
instruct our models are included in Figures 4 and 5.

System Prompt

Respond in the following format:
<reasoning>

</reasoning>

<answer>

Final answer: final answer
Supporting passages: titlel, title2,...
</answer>

Figure 4: System prompt used for all experiments.

Answer the question using only the provided pas-
sages. Verify your answer directly against the text,
and cite only the passages you used in your final an-
sSwer.

Figure 5: User instructions used for all experiments.
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Eval. Setting Curriculum HotpotQA MuSiQue 2Wiki

Answer F1 Citation F1 Joint F1 Answer F1 Citation F1 Joint F1 Answer F1 Citation F1 Joint F1

Baseline 61.31/9.21 44.89/35.65 51.83/14.64 40.96/4.63 2791/19.25 33.20/7.46 61.64/6.75 42.71/33.80 5045/11.25
5 FT-Baseline (Max)  82.63/18.07 76.01/68.70 79.18/28.61 63.87/13.51 55.54/47.51 59.41/21.04 84.42/17.37 76.53/75.50 80.28/28.25
Q Linear 86.26/20.48 80.84/73.02 83.46/31.99 70.18/18.82 62.70/53.70 66.23/27.87 85.00/23.14 83.77/80.32 84.38/35.93
'2 Min-Max 86.27/20.40 83.21/76.46 84.71/32.20 71.73/22.89 67.42/58.47 69.51/32.90 87.83/2041 77.66/74.19 82.43/32.02
A Base-Answerable 82.63/17.09 75.08/66.20 78.67/27.16 65.62/16.17 57.97/47.65 61.56/24.15 86.26/17.42 7729/75.14 81.53/28.28

Base-Unanswerable 82.94/16.71 72.774/65.35 77.51/26.62 63.59/14.49 5544/4581 59.23/22.01 83.92/16.16 71.42/73.19 77.17/26.48
= Baseline 75.17/5.15  66.03/64.70  70.30/9.55 60.77/4.66  52.22/52.02  56.17/8.55 70.29/6.23  54.49/54.49 61.39/11.19
3 FT-Baseline (Max) ~ 89.74/8.61  88.51/86.67 89.12/15.67 77.67/12.14 69.11/70.15 73.14/20.69 88.64/13.56 79.84/84.54 84.01/23.36
5 Linear 90.27/10.66 91.13/89.32 90.70/19.04 81.70/19.65 74.24/75.10 77.79/31.14 90.50/19.70 88.34/91.37 89.41/32.41
~ Min-Max 92.06/10.30 95.12/93.68 93.56/18.56 86.46/29.55 81.60/81.64 83.96/43.39 91.01/17.17 80.95/83.03 85.69/28.46
g Base-Answerable 89.74/8.87 85.27/83.83 87.45/16.04 79.11/14.17 67.38/67.07 72.77/23.39 89.68/13.76 80.61/85.46 84.90/23.70

Base-Unanswerable  88.89/7.77  84.98/83.93 86.89/1422 77.66/12.12 68.00/70.96 72.51/20.71 88.95/11.88 75.07/81.82 81.42/20.75

Table 12: Model performance under the distractor and ideal retrieval evaluation settings evaluated on base-answerable
and base-unanswerable evaluation sets. We use up to 5,000 training samples for all runs as outlined in Section 4.2

MusSiQue 2-hop MuSiQue 3-hop MusSiQue 4-hop
Curriculum Answer F1  Citation F1 Joint F1 Answer F1 Citation F1 Joint F1 ~Answer F1 Citation F1 Joint F1
Baseline 28.94 29.46 29.19 23.09 22.62 22.85 21.65 17.80 19.53
FT-Baseline (Max) 48.95 70.47 57.77 44.94 63.84 52.75 39.22 48.23 43.26
Linear 52.04 74.38 61.23 45.53 67.08 54.24 39.74 52.74 45.33
Min-Max 57.03 76.27 65.26 54.11 67.51 60.08 51.16 50.94 51.05

Table 13: Model performance on MuSiQue in the distractor setting grouped by the number of hops in each question.
We use between 20,000-40,000 training samples for all the runs in this table.
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