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Abstract
Generating with citations is crucial for trustworthy Large
Language Models (LLMs), yet even advanced LLMs often
produce mismatched or irrelevant citations. Existing meth-
ods over-optimize citation fidelity while overlooking rel-
evance to the user query, which degrades answer quality
and robustness in real-world settings with noisy or irrele-
vant retrieved content. Moreover, the prevailing single-pass
paradigm struggles to deliver optimal answers in long-form
generation that requiring multiple citations. To address these
limitations, we propose FineRef, a framework based on Fine-
grained error Reflection, which explicitly teaches the model
to self-identify and correct two key citation errors—mismatch
and irrelevance—on a per-citation basis. FineRef follows a
two-stage training strategy. The first stage instills an “at-
tempt–reflect–correct” behavioral pattern via supervised fine-
tuning, using fine-grained and controllable reflection data
constructed by specialized lightweight models. An online
self-reflective bootstrapping strategy is designed to improve
generalization by iteratively enriching training data with
verified, self-improving examples. To further enhance the
self-reflection and correction capability, the second stage
applies process-level reinforcement learning with a multi-
dimensional reward scheme that promotes reflection accu-
racy, answer quality, and correction gain. Experiments on the
ALCE benchmark demonstrate that FineRef significantly im-
proves both citation performance and answer accuracy. Our
7B model outperforms GPT-4 by up to 18% in Citation F1
and 4% in EM Recall, while also surpassing the state-of-the-
art model across key evaluation metrics. FineRef also exhibits
strong generalization and robustness in domain transfer set-
tings and noisy retrieval scenarios.

Introduction
Large Language Models (LLMs) (Brown et al. 2020;
Achiam et al. 2023) excel at generating long-form response
to user queries, yet they are often prone to hallucinations that
producing factually incorrect content. Retrieval-Augmented
Generation (RAG) (Borgeaud et al. 2022; Izacard et al.
2023) has emerged as a promising solution by grounding
responses in external passages, significantly improving fac-
tuality and knowledge coverage. Building on this paradigm,
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Figure 1: An example of citation errors in generated re-
sponse: orange indicates citations that do not match the ref-
erenced passage (mismatch), while purple denotes citations
that are irrelevant to the query (irrelevance).

generation with citations has become a core requirement for
trustworthy language systems (Gao et al. 2023; Yue et al.
2023). By explicitly requiring the model to attach citations
in its responses to the supporting retrieved passages, this
paradigm (1) enhances answer verifiability by enabling users
to trace the sources underlying the model’s output, and (2)
constrains the generation to more faithfully align with the
retrieved evidence, thereby mitigating hallucinations. How-
ever, advanced LLMs and commercial chat engines still of-
ten produce unsupported or inaccurate citations in practice
(Liu, Zhang, and Liang 2023; Gao et al. 2023), which un-
dermines the credibility of their outputs and limits their ap-
plicability in high-trust domains such as healthcare, law, and
scientific research.

Progress on these challenges has been hindered by an-
notation difficulty. While several efforts have explored
training-free methods such as in-context learning (Gao et al.
2023; Li et al. 2023) and Chain-of-Thought (CoT) (Ji et al.
2024), their performance remains limited. Differently, the
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work represented by (Aly et al. 2024) adopts iterative self-
training by selecting citation-accurate samples from the
model’s own outputs. Nevertheless, these approaches still
suffer from several key limitations. First, existing work typ-
ically trains only on citation-accurate samples, which helps
mitigate mismatched citations—generating statements that
are not supported by the attributed sources. However, this
implicitly assumes that all retrieved passages are relevant
to the query, limiting the model’s ability to identify irrel-
evant content. In real-world scenarios, retrieval results of-
ten contain noisy or unrelated passages, leading to irrelevant
citations, where the model cites passages unrelated to the
query. This distribution gap between clean training data and
noisy application scenarios significantly weakens model ro-
bustness and answer quality. Second, prevailing approaches
adopt a single-pass generation paradigm, where the model is
required to produce a fully cited response in one step. While
this simplifies the generation process, it is inadequate for
complex real-world scenarios, particularly long-form gener-
ation tasks that demand multiple, contextually appropriate
citations and are prone to diverse citation errors. Without
mechanisms for planning or revision, the model struggles to
ensure citation correctness within a single pass.

To address these challenges, a promising solution is to in-
troduce a self-reflection mechanism that enables the model
to proactively identify and revise citation errors after genera-
tion. Prior work in other domains (Madaan et al. 2023; Shinn
et al. 2023) typically adopts coarse-grained, answer-level re-
flection. However, in long-form generation tasks involving
multiple citations, such coarse-grained reflection makes it
difficult to locate erroneous citations and distinguish error
types. Moreover, when reflection signals are generated di-
rectly by general-purpose LLMs, they often exhibit incon-
sistency in both accuracy and structure, as distinct decisions
can be made for the same input, making them unreliable as
training supervision. Therefore, there is a pressing need to
develop a fine-grained, controllable reflection framework to
support precise error identification and correction.

To this end, we propose a framework for generation with
citations based on Fine-grained error Reflection (FineRef),
which endows the LLM with citation-level self-reflection ca-
pabilities, enabling it to explicitly identify and correct two
common and impactful citation errors - mismatch and ir-
relevance - from its own initial attempt. FineRef adopts a
two-stage training strategy, as shown in Figure 2, includ-
ing (1) behavioral pattern learning that apply supervised
fine-tuning to teach the attempt–reflect–correct behavioral
pattern for citation generation, (2) process-level reinforce-
ment learning to enhance the model’s reflection and cor-
rection capabilities. In the first stage, to construct behavioral
data, we first prompt the initial model attempt to generate
response with citations. We then leverage a specialized yet
lightweight factual consistency model (FCM) (Kryściński
et al. 2020) and a reranker (Xiao et al. 2023) to identify mis-
match and irrelevance errors for each citation in the model-
generated attempts and automatically construct fine-grained,
accurate reflection signals. Correction data is generated us-
ing advanced LLM based on these signals, and high-quality
attempt–reflection–correction chains are subsequently con-

structed and curated for training. To improve generalization,
we propose an online self-reflective bootstrapping strat-
egy where the model generates full attempt–reflect–correct
chains during training, and retains those that successfully
identify and fix citation errors, exposing the model to diverse
reflection patterns and enhancing its adaptability to complex
citation scenarios. In the second stage, we conceptualize the
generation process as multiple sub-behaviors and design a
multidimensional reward scheme given the distinct objec-
tives of each sub-behavior. For reflection behavior, we in-
troduce a reward for reflection accuracy, encouraging the
model to correctly identify citation errors. For the attempt
and correction behaviors, we apply rewards for citation and
answer quality, and further incorporate a correction gain re-
ward to incentivize improvements of the correction over the
initial attempt. This approach (1) overcomes the limitations
of existing methods that focus solely on citation fidelity, and
enhances citation quality while preserving overall question-
answering performance. (2) Through this reflect-correct pro-
cess, our framework significantly improves the robustness in
complex citation scenarios.

We conduct experiments on ALCE (Gao et al. 2023), a
few-shot benchmark for citation generation, which includes
two challenging long-form answering datasets: ASQA and
ELI5. We evaluate using different LLMs. Based on only
four annotated examples, our 7B model achieves up to an
18% improvement in Citation F1 over GPT-4 (Achiam et al.
2023), while also enhancing answer performance by up to
4% in EM Recall. Moreover, FineRef significantly outper-
forms the state-of-the-art model CALF (Aly et al. 2024)
across a range of backbone LLMs. Furthermore, consistently
strong performance of our method under domain transfer
and noisy retrieval conditions highlights its generalization
and robustness capabilities.

Task Formulation
Given a question q and a set of retrieved passages P =
{p1, . . . , pm}, the goal is to generate a long-form answer
ŷ = {s1, . . . , sn}. In long-form answer generation with ci-
tations, each generated sentence si is expected to cite one
or more relevant passages Ci ⊆ P (denoted by bracketed
indices, e.g., “[1]” referring to p1), such that the content of
si is entailed by the cited passages Ci. The task requires the
information in si to originate from the attributed/cited pas-
sages Ci, ensuring that ŷ is fully verifiable by P . Moreover,
the overall answer ŷ is required to be factually correct and
responsive to the question q, going beyond citation fidelity
to ensure the answer’s informativeness and relevance.

Method
FineRef is a framework for generation with citations that
models the process of identifying and correcting citation
errors through fine-grained self-reflection. As illustrated in
Figure 2, FineRef employs a two-stage training pipeline:
(1) Behavioral pattern learning, which instills the at-
tempt–reflect–correct behavior via supervised learning, and
(2) Process-level reinforcement learning, which optimizes
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Figure 2: FineRef involves two training stages: (1) Behavior pattern learning stage, where the model is supervised to generate
the “attempt–reflection–correction” chain using fine-grained reflection data constructed via specialized FCM and reranker mod-
els, followed by online reflection bootstrapping, improving from self-generated reflection-correction data. (2) Process-level RL
stage, a multi-dimensional reward function further enhances answer quality, reflection accuracy, and correction effectiveness.

using a multi-dimensional reward to promote reflection ac-
curacy, answer quality, and correction gain.

Behavioral Pattern Learning
Behavior Data Construction. To train a citation gener-
ation model F capable of reflecting on and correcting its
own citation errors, we first construct structured training
data comprising three components: attempt, reflection, and
correction. The attempt is designed to simulate the model’s
initial citation behavior. Specifically, given a question q and
a set of retrieved passages P = {p1, . . . , pm}, we prompt
the model F to generate an answer with citations yc, and
use it as the initial attempt.

For reflection construction, we move beyond relying
on coarse-grained reflections directly generated by LLMs,
which often lacks precision, fails to localize erroneous cita-
tions, and cannot differentiate between error types, making
it unsuitable for supervised correction training. Instead, we
adopt a fine-grained and controllable reflection construction
strategy, grounded in explicit error typing.

To ensure the reliability of reflection labels, we adopt a
precision-oriented labeling pipeline. For mismatch errors,
we employ a FCM (Zha et al. 2023) to evaluate the align-
ment between the claim and corresponding attributed pas-
sages. Specifically, for each sentence si and its attributed
passage cij , we computes:

oij = ϕ(si, cij), oij ∈ [0, 1]

where ϕ denotes the FCM and oij is the predicted consis-
tency score. A predefined threshold is applied to determine
whether a claim (the sentence) is inconsistent with its source
(the attributed passage) (i.e., mismatch).

To detect irrelevant citations those unrelated to the input
question q despite support the claim, we apply a reranker
γ(si, q) ∈ {0, 1}, which makes a binary judgment on
whether each citation cij ∈ Ci of the sentence si is relevant
to the question. Each citation is categorized as follows:

• Mismatch: The consistency score is below the threshold;
• Irrelevance: Not mismatch and the reranker predicts ir-

relevance;
• Correct: otherwise.

These error type labels are aggregated into struc-
tured, sentence-level reflection annotations. Compared with
coarse-grained LLM-generated feedback, this method pro-
vides fine-grained and controllable supervision, enabling
more effective learning of reflection behavior.

For the correction, we adopt in-context learning approach,
using a strong instruction-aligned LLM (e.g., GPT-4o) to
revise the initial attempt based on its corresponding reflec-
tion. To ensure quality, we apply dual filtering based on two
metrics: (1) a citation quality score Qcite(correction) =
CitationF1(correction, C, ϕ), computed based using an
FCM, and corresponds to the harmonic mean of citation pre-
cision and recall. (2) An answer quality evaluation score,
Qans(correction) = Correctness(correction,A) measures
the degree of alignment between the generated answer and
the reference answer A (e.g., using Exact Match score). We
design an acceptance function to determine whether a cor-
rection instance should be accepted.

Accept(ŷc, ŷa) = I


Qcite(ŷ

c) ≥ τcite ∧Qans(ŷ
c) ≥ τans

∧
(
Qcite(ŷ

c) > Qcite(ŷ
a)

∧Qans(ŷ
c) > Qans(ŷ

a)
)


(1)

where I is the indicator function. Only when
Accept(ŷc, ŷa) = 1, correction ŷc can be retained.

Initial Training. After data construction, we combine the
attempt, reflection and correction into a complete attempt–
reflection–correction chain y and use them to perform su-
pervised fine-tuning on model F . This stage enables the
model to learn the behavior of explicitly identifying and cor-
recting citation errors based on structured reflection signals.
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Joint optimization over the attempt–reflect–correct chain
promotes internal consistency between reflection and cor-
rection behaviors. Specifically, at the initial stage, we warm
up the model by minimizing the negative log-likelihood loss:

LNLL = − 1

|y|

|y|∑
t=1

logpθ(yt|q, P, y<t) (2)

Online Self-Reflective Bootstrapping. In order to en-
hance generalization in complex citation scenarios, we pro-
pose an online elf-reflective bootstrapping strategy. After the
initial warm up, the model iteratively generates attempt–
reflection–correction chains. We retain those chains for
which Accept(yc, ya) = 1, and incorporate them into the
training set for the subsequent training epochs. To maintain
high-quality reflection supervision, we replace the model-
generated reflections with more accurate ones, automatically
constructed using the same FCM and reranker model from
the data construction pipeline. This self-sampling and train-
ing process enables the model to continually learn from self-
generated samples where citation errors can be accurately
reflected and corrected.

Process-Level RL with Multi-Dimensional
Rewards
After the first-stage learning, the model has acquired a
preliminary ability to generate with citations and perform
self-reflective correction. To further strengthen this capa-
bility, we adopt reinforcement learning (RL) to optimize
the model behavior across the entire attempt–reflection–
correction process. Inspired by process-level learning (Shao
et al. 2024), we treat this generation process as a compo-
sition of interdependent sub-behaviors and design a multi-
dimensional reward function to supervise each sub-behavior.

Our reward design consists of three components. First, we
define a reflection accuracy reward to encourage correct
classification of citation error types. For N citations, let ŷi
denote the predicted error type for citation i and yi repre-
sents the ground-truth (automatically derived as reflection
construction). The reward is computed as:

Rrefl
r (r|x, y:r) =

1

N

N∑
i=1

(I[ŷi = yi]− I[ŷi ̸= yi]) (3)

Second, we assign a binary citation and answer quality
reward to both the attempt and correction behaviors:

Rans
c (c|x, y:c) =


+1, if Qcite(y

corr) ≥ τcite
∧Qans(y

corr) ≥ τans
−1, otherwise

Rans
a (a|x, y:a) =


+1, if Qcite(y

attempt) ≥ τattempt
cite

∧Qans(y
attempt) ≥ τattempt

ans

−1, otherwise
(4)

where τ
(·)
cite and τ

(·)
ans denote predefined thresholds.

Finally, to encourage meaningful correction beyond the
initial attempt, we introduce a correction gain reward,

computed based on the improvement in generation quality:

Rgain
c (c|x, y:c) =


+1, if Qcite(y

corr) ≥ Qcite(y
attempt)

∧Qans(y
corr) ≥ Qans(y

attempt)

−1, otherwise
(5)

This reward formulation enables fine-grained credit assign-
ment across the entire citation generation process and ef-
fectively guides the model toward more accurate and self-
correctable behaviors.

Drawing inspiration from the process-level GRPO
paradigm (Shao et al. 2024), all behaviors of the same type
(i.e., attempt, reflection, or correction) belong to a group.
The unified reward context of the behavior in a group is de-
fined as follows:

R(zt) = (Rzi(zi | x, y:zi))
t−1
i=1 (6)

where y:zi denotes the sequence of behaviors preceding the
behavior zi. Following REINFORCE with Leave-One-Out
(RLOO) (Ahmadian et al. 2024), we compute the advantage
for each behavior in a group:

Azt(x, y) =Rzt(x, y:zt)− bzt(x, y)

− βlog
πθold(zt|x, y)
πref (zt|x, y)

(7)

where the bzt(x, y) is baseline, which can be computed as
follows:

bzt(x, y) =
1

|G(R(zt))|
∑

z∈G(R(zt))

Rz(zt|x(z), y(z):zt )

(8)
where G(·) denotes the group. This baseline estimation re-
duces the variance of the policy gradient and improves train-
ing stability. The final policy gradient loss is computed as:

LRL =− Ex∼D,y∼πθold(·|x)
[
1

|y|z

∑
z∈y

min(rz(θ)

A(z|x, y:z), clip(rz(θ), 1− ϵ, 1 + ϵ)A(z|x, y:z))]
(9)

where rz(θ) =
πθ(z|x,y:z)

πθold
(z|x,y:z)

is the importance ratio, θ is the
parameters of the model F .

Experiments
Datasets & Metrics
We conduct experiments on the ALCE citation benchmark
(Gao et al. 2023) for long-form question answering, focus-
ing primarily on the ASQA and ELI5 datasets. In ALCE,
the number of reference documents provided for training is
D = 4. We adopt the evaluation protocol from (Gao et al.
2023), which includes correctness (measured by EM Re-
call), fluency (measured by MAUVE), and citation F1 (as-
sessed using an NLI-trained T5-11B model). In addition, we
report ROUGE-L scores and the passage-grounded correct-
ness (Correct. in P) metric introduced in (Aly et al. 2024),
which evaluates whether the response is supported by the re-
trieved documents P, disregarding factual content potentially
memorized by the language model.
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Method
ALCE-ASQA ALCE-ELI5

Similarity Fluency Correct Correct Citation Similarity Fluency Correct Correct Citation
Rouge-L MAUVE EM Rec. . in P F1 Rouge-L MAUVE EM Rec. . in P F1

ChatGPT – 66.6 40.4 – 73.1 – 57.2 12.0 – 50.5
GPT-4 – 67.1 41.3 – 71.9 – 38.4 14.2 – 46.9
AGREE – – 40.9 – 75.1 – – - – -
Self-RAG 7B 35.7 74.3 30.0 – 67.3 16.9 32.6 9.7 5.4 27.6
BP, T5-3B – – 33.8 – 77.8 – – 5.2 - 60.9

LLaMA2-7B-chat
In-context 35.90.3 77.83.1 35.00.6 25.70.6 49.91.0 20.50.2 36.22.5 17.70.6 10.80.6 38.20.6
Few-shot FT 34.90.4 69.24.3 32.00.4 22.30.7 55.01.8 21.30.2 58.22.2 17.80.6 11.21.1 48.72.9
CaLF 37.80.4 86.03.7 37.70.6 29.30.4 70.42.5 20.81.0 59.611.5 17.00.3 11.90.2 66.55.9
Ours 38.50.3 85.22.9 40.30.5 32.10.8 74.91.9 21.50.2 60.14.4 19.20.7 13.50.3 68.42.7

Mistral-Orca-7B
In-context 38.70.1 54.71.8 40.20.3 31.90.2 55.60.8 20.90.1 29.30.8 20.80.4 12.50.5 43.30.5
Few-shot FT 38.41.8 78.614.7 38.43.8 29.94.7 62.63.6 19.41.9 60.513.6 17.31.8 10.91.2 57.76.5
CaLF 40.30.2 84.03.3 41.71.2 34.50.5 81.52.5 20.41.5 62.74.6 18.42.1 13.10.7 73.14.2
Ours 41.00.3 84.11.1 43.11.5 36.50.3 84.90.8 22.00.6 63.52.9 21.41.1 15.70.6 76.32.1

Table 1: Main results on ALCE benchmark (ASQA and ELI5). We report the mean and standard deviation measured across 3
different random seeds. For each dataset, we use Citation F1 to measure citation quality, EM Recall to assess overall correctness,
Correct. in P to evaluate the proportion of correct information grounded in the retrieved passages, Rouge-L to assess textual
similarity, and MAUVE to evaluate fluency. Bold indicates the best performance, while underline denotes the second-best.

Experimental Setup
To better reflects realistic deployment scenarios, we follow
few-shot learning recommendations (Alex et al. 2021) and
omit a separate validation set for hyperparameter tuning.
Due to computational constraints, we adopt LoRA (Hu et al.
2022) for parameter-efficient fine-tuning. We use Align-
Score as our FCM. The threshold τcite and τans is set to 0.8
and 0.45. Notably, AlignScore differs from the citation eval-
uation model used in our final evaluation in both architecture
and training data. In terms of knowledge sources, ASQA
uses Wikipedia as its knowledge source, while ELI5 relies
on CommonCrawl. For fair comparison, we use the same re-
triever as employed by baseline models. In the behavioral
pattern learning stage, we perform 1 epoch of warm-up fol-
lowed by 3 epochs of online self-reflective bootstrapping
with a learning rate of 1e-4. In the RL phase, we set τ attempt

cite
and τ attempt

ans to 0.7 and 0.4. The learning rate is set to 5e-6,
batch size to 16, KL coefficient to 0.1, and train for 3 epochs.

Baselines
We compare our method against a range of strong base-
lines. First, we include in-context prompting and few-shot
fine-tuning approaches based on the same instruction-tuned
LLMs, trained on the few-shot citation dataset D. We further
compare with the state-of-the-art model CaLF (Aly et al.
2024), which iteratively trains on filtered, self-generated
data. Additionally, we evaluate against powerful in-context
prompting baselines from (Gao et al. 2023), including Chat-
GPT (gpt-3.5-turbo-0301) and GPT-4 (gpt-4-0613), which
use large-scale parameters.In-context prompting uses two
randomly sampled demonstrations. We also consider sev-

eral recent citation-aware models: AGREE (Ye et al. 2023),
based on PaLM 2; Self-RAG 7B (Asai et al. 2024), built
on the open-source Llama2 backbone; and Blueprint (BP)
(Fierro et al. 2024), which is based on T5-3B.

Main Results
Table 1 presents the results of the in-domain experiments.
Overall, FineRef consistently achieves the highest or highly
competitive performance across all evaluation metrics com-
pared to baseline methods. Our approach significantly out-
performs larger-scale models such as ChatGPT and GPT-
4 on all metrics. Across different base LLMs (LLaMA2-
7B-chat and Mistral-Orca-7B), FineRef substantially sur-
passes both in-context and few-shot fine-tuning approaches,
with up to +22.3 improvement in Citation F1 over the few-
shot FT baseline on ASQA. Compared to the state-of-the-art
model, CaLF, FineRef demonstrates notable improvements
in both citation and correction performance. While CaLF
achieves better citation quality than GPT-4, its improvement
in correction is marginal (e.g., only +0.4 EM on ASQA).
In contrast, FineRef yields consistent gains over GPT-4 in
both citation and QA quality, with improvements of +2.8
EM on ASQA and +7.2 EM on ELI5. These results highlight
the effectiveness of our fine-grained reflection mechanism
in jointly improving citation accuracy and answer quality by
explicitly modeling different types of citation errors.

Domain Transfer
Table 2 presents the results of our zero-shot transfer ex-
periments, where models trained on one domain are di-
rectly evaluated on a different target domain without further
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Method Similarity Fluency Correct Correct Citation Method Similarity Fluency Correct Correct Citation
(Source → Target) Rouge-L MAUVE EM Rec. . in P F1 (Source → Target) Rouge-L MAUVE EM Rec. . in P F1

Self-RAG 7B 35.7 74.3 30.0 - 67.3 Self-RAG 7B 16.9 32.6 9.7 5.4 27.6
Zero-Shot(→ A) 39.0 78.9 39.5 31.6 5.7 Zero-Shot(→ E) 21.3 35.0 22.2 12.6 10.4
Few-shot FT(E → A) 39.7 90.1 38.5 31.4 71.7 Few-shot FT (A → E) 20.9 41.1 19.7 10.6 40.4
Calf(E → A) 40.1 86.6 40.0 33.2 79.5 Calf(A → E) 21.2 31.3 20.4 12.5 57.3
Ours(E → A) 40.5 87.2 42.3 34.7 81.3 Ours(A → E) 21.0 32.4 23.6 13.4 59.1

Table 2: Zero-shot domain transfer evaluation results on ASQA (A) and ELI5 (E). We report the results using Mistral-Orca-7B.

fine-tuning.across all source-to-target settings, our method
(based on MistralOrca-7B) consistently outperforms Self-
RAG, Zero-Shot, Few-shot Fine-tuning, and the state-of-
the-art method Calf in both citation quality and correction
performance. On the ASQA target domain, our approach
(trained on ELI5) achieves notable improvements in EM Re-
call (+2.3), Correct in Passage (+1.5), and Citation F1 (+1.8)
compared to the previous state-of-the-art, Calf. Similarly, on
the ELI5 target domain, our model (trained on ASQA) main-
tains superior performance in EM Recall (23.6) and Citation
F1 (59.1), outperforming Calf by margins of +3.2 and +1.8
respectively. This demonstrates that our approach, which ex-
plicitly trains the model to reflect on different types of cita-
tion errors, leads to better generalization across domains in
both citation and answer quality.

Method Correct Correct Citation
EM Rec. . in P F1

Ours 43.4 36.3 85.2

wo reflection 38.2(−5.2) 32.6(−3.7) 79.4(−5.8)

wo IR error type 39.9(−3.5) 33.3(−3.0) 82.1(−3.1)

coarse-grained refl. 40.2(−3.2) 33.8(−2.5) 81.1(−3.1)

wo RL 40.8(−2.6) 33.9(−2.4) 80.6(−4.6)

wo gain reward 42.0(−1.4) 32.9(−3.4) 81.6(−3.6)

wo online boost. 41.1(−2.3) 34.2(−2.1) 81.5(−3.7)

Table 3: Results for ablation study. We report the results on
ASQA dataset using Mistral-Orca-7B.

Analysis
Ablation. To better understand the underlying mecha-
nisms of our method, we conduct a series of ablation stud-
ies to examine the contribution of each component. Table 3
presents the results on the ASQA dataset using the Mistral-
Orca-7B model. We first analyze the role of the reflection
module. Removing the reflection behavior results in a sub-
stantial drop in both EM Recall (-5.2) and Citation F1 (-5.8),
indicating that the reflection step plays a vital role in improv-
ing both citation accuracy and answer quality.

We further investigate the impact of excluding the identi-
fication of irrelevant citations during reflection. This leads
to notable declines in EM Recall (-3.5), highlighting the
importance of modeling irrelevant citation errors to main-
tain question-answering capability. Additionally, we com-
pare our fine-grained reflection strategy to a coarse-grained
alternative that uses GPT-4 to assess the overall correctness

of the attempt. This approach yields inferior performance
across all quality metrics, confirming the necessity of our
fine-grained reflection formulation.

We also evaluate the effect of different components in
the training strategy. Removing the RL stage leads to no-
table performance drops (-2.6 EM and -3.6 Citation F1),
highlighting the importance of self-exploration in strength-
ening reflective and corrective behaviors. The gain reward
also contributes positively by preventing behavioral collapse
and encouraging higher-quality correction generations. Fi-
nally, ablating the online self-reflective bootstrapping (on-
line boost.) leads to declines in all metrics, as it weakens
the model’s initial behavior pattern learned during SFT, thus
limiting the improvement achievable during the RL phase.

Method Correct Correct Citation
EM Rec. . in P F1

First Attmpt 38.6 30.3 77.4
Correction 43.1 36.5 84.7
∆ +4.5 +6.2 +7.3

Table 4: Performance comparison of first attempt and correc-
tion. We report the results on ASQA using Mistral-Orca-7B.

(a) FCM+Reranker Reflection (b) Self-Reflection

Figure 3: Accuracy of self-reflection

Correction Improvement. To assess the effectiveness of
the correction behavior in enhancing initial generation qual-
ity, Table 4 presents the performance improvements of the
model after applying correction relative to the first attempt.
Notably, all evaluation metrics show consistent gains (Ci-
tation F1 +7.3, EM Recall +4.5 and Correct in P +6.2).
These results highlight that the model’s initial attempt of-
ten falls short in citation and answer quality, whereas
the subsequent correction—guided by fine-grained self-
reflection—substantially enhances the reliability and accu-
racy of the generated response.
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Reflection Accuracy Analysis. To evaluate the accuracy
of reflection, we conduct a two-step analysis. First, we need
to ensure that the FCM and reranker produce reliable reflec-
tion signals. We sample a subset of 400 test samples from
ASQA to evaluate the accuracy of reflection labels con-
structed by FCM and reranker. Two human evaluators are
tasked with verifying whether the predicted error types (e.g.,
mismatch or irrelevance) are accurate. As shown in Fig-
ure 3(a), the reflection signals based on FCM and reranker
exhibit high accuracy (over 90%) for reflecting on different
types of errors. Next, we use the FCM and reranker as gold
reflection signals, and evaluate the accuracy of the model’s
self-generated reflections. The evaluation across all test sam-
ples of ASQA is as illustrated in Figure 3(b). This measures
the model’s ability to correctly identify citation errors and
improve its own performance through self-reflection.

(a) Citation F1 (b) EM Recall

Figure 4: Performance in the scenario with noisy passages

Robustness under Noisy Retrieval. To evaluate the ro-
bustness of our method under realistic retrieval noise con-
ditions, we introduce semantically fluent yet contextually
irrelevant distractor passages, simulating common failure
modes of open-domain retrievers. Concretely, for each in-
put question, we randomly replace one of the retrieved pas-
sages with such a distractor. This setup emulates real-world
retrieval systems that often return noisy or irrelevant content.

We compare FineRef against the state-of-the-art CaLF
method and a Few-shot fine-tuning baseline. As shown in
Figure 4, the performance of both CaLF and Few-shot fine-
tuning degrades substantially in the presence of distractor
passages, particularly EM Recall. In contrast, FineRef con-
sistently maintains a significant lead in both Citation F1 and
EM Recall. These results validate the effectiveness of our
approach in enhancing model robustness through explicit ci-
tation error modeling and fine-grained reflection.

Related Work
Text Generation with Citations
Generating text with citations enhances LLM verifiability
and mitigates hallucinations (Gao et al. 2023; Li et al. 2023).
Early practices integrated LLMs with commercial search en-
gines12 , complicating citation evaluation and prompting the
development of benchmarks like ALCE (Gao et al. 2023).
Most work adopts a “single-pass generation” paradigm, al-
lowing LLMs to directly produce cited answers from re-
trieved documents. To improve this process, methods such as

1https://www.perplexity.ai/
2https://www.bing.com/new

in-context learning with high-quality exemplars (Gao et al.
2023; Liu, Zhang, and Liang 2023), post-hoc citation editing
(Bohnet et al. 2022), and Reinforcement Learning from Hu-
man Feedback (RLHF) (Menick et al. 2022; Thoppilan et al.
2022; Nakano et al. 2021) have been proposed. Weakly-
supervised strategies like CaLF (Aly et al. 2024) further
address data scarcity by using Factual Consistency Models
(FCMs) to filter diverse candidate answers for training. De-
spite this progress, key limitations persist: current methods
prioritize citation fidelity over relevance compromises QA
performance and robustness under noisy real-world condi-
tions, and hinders the model’s ability to generate optimal
responses in long-form tasks requiring multiple citations.
FineRef introduces a fine-grained error reflection mecha-
nism that explicitly trains the model to identify and correct
both “mismatch” and “irrelevance” citation errors, enhanc-
ing its overall performance and robustness.

LLM Reasoning and Self-Reflection
Self-reflection is a critical mechanism for improving com-
plex reasoning abilities and reliability of LLMs (Madaan
et al. 2023; Paul et al. 2023), enabling models to evaluate
and iteratively refine their responses in a human-like manner.
Recent studies have explored various approaches to enhance
these capabilities during post-training (Saunders et al. 2022;
Rosset et al. 2024; Kumar et al. 2024). Enabling LLMs to
perform effective self-verification and self-correction is a
promising solution for achieving robust reasoning, as direct
prompting for such behaviors is often suboptimal (Huang
et al. 2023; Yixing et al. 2024; Zhang et al. 2024). RL has
also proven effective in enhancing LLM reasoning (Setlur
et al. 2024; Ouyang et al. 2022), with research focusing on
actor-critic frameworks (Havrilla et al. 2024; Tajwar et al.
2024) and the design of accurate reward models to guide the
learning process (Lightman et al. 2023). Some work (Ma
et al. 2025), has combined these ideas, using RL to teach
models how to self-verify and self-correct. Existing self-
reflection mechanisms are often too coarse-grained and rely
on unreliable self-generated feedback, limiting their effec-
tiveness. FineRef introduces a fine-grained, controllable ap-
proach that uses external specialized and lightweight models
to precisely reflect errors at the citation level.

Conclusion
In this paper, we propose FineRef, a noval training frame-
work that enables LLMs to perform fine-grained self-
reflection for identifying and correcting both mismatch and
irrelevance citation errors. FineRef explicitly models the full
attempt–reflect–correct process through supervised learn-
ing with fine-grained and controllable reflection signals and
enhances this capability via process-level RL with multi-
dimensional rewards design. Extensive experiments demon-
strate that FineRef not only substantially improves citation
fidelity and answer correctness but also exhibits strong ro-
bustness across domains and under retrieval noise. These
results highlight the effectiveness of incorporating fine-
grained self-reflection into training, representing a promis-
ing step toward building more reliable, interpretable, and
trustworthy language models.
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