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Abstract

Teaching large language models (LLMs) to be faithful in the
provided context is crucial for building reliable information-
seeking systems. Therefore, we propose a systematic frame-
work, CANOE, to reduce faithfulness hallucinations of LLMs
across different downstream tasks without human annotations.
Specifically, we first synthesize short-form question-answering
(QA) data with four diverse tasks to construct high-quality
and easily verifiable training data without human annotation.
Also, we propose Dual-GRPO, a rule-based reinforcement
learning method that includes three tailored rule-based re-
wards derived from synthesized short-form QA data, while
simultaneously optimizing both short-form and long-form re-
sponse generation. Notably, Dual-GRPO eliminates the need
to manually label preference data to train reward models and
avoids over-optimizing short-form generation when relying
only on the synthesized short-form QA data. Experimental
results show that CANOE greatly improves the faithfulness of
LLMs across 11 different tasks, even outperforming the most
advanced LLMs, e.g., GPT-40 and OpenAl ol.

1 Introduction

Recent progress in large language models (LLMs) has revo-
lutionized text generation with their remarkable capabilities
(OpenAlI 2023; DeepSeek-Al 2025b). In practice, LLMs are
widely used to generate fluent and coherent text responses
based on the provided contextual information, e.g., text sum-
marization (Zhang, Yu, and Zhang 2024). However, LLMs
often generate responses that are not faithful or grounded
in the input context, i.e., faithfulness hallucinations (Huang
et al. 2024), which can undermine their trustworthiness. Main-
taining faithfulness to the context is especially important in
fields where accurate information transfer is essential (Duong
et al. 2025). For instance, in legal summarization (Dong et al.
2025), the text output must reflect the content of legal docu-
ments without introducing any distortions.

However, improving the faithfulness of LLMs faces three
key challenges. Specifically, (1) Faithfulness is difficult to
improve by simply scaling model parameters: Previous
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Figure 1: Average score on 11 downstream tasks vs model
size. With only 7B parameters, CANOE already exceeds state-
of-the-art LLMs like GPT-40 and OpenAl ol.

works (Li et al. 2025) find that LLMs may overly rely on
internal knowledge learned from extensive pre-training data
while disregarding provided contexts, i.e., the knowledge
conflicts. When the model parameters increase and internal
knowledge grows, this may lead to greater knowledge con-
flicts and further lower the faithfulness of LLMs (Ming et al.
2025). Thus, it is necessary to explore a tailored post-training
method to improve the faithfulness instead of simply scal-
ing the model parameters. (2) Faithfulness is challenging
to consistently boost across different downstream tasks:
Recently, several methods (Bi et al. 2024; Duong et al. 2025)
have been proposed to improve the faithfulness of LLMs for
different tasks. For example, Bi et al. (2024) aligns LLMs
through DPO (Rafailov et al. 2023) with constructed faithful
and unfaithful short-form completions, improving the per-
formance of LLMs on short-form QA tasks. However, these
recent methods are designed for specific tasks, so they fail to
consistently improve the faithfulness of LLMs across various
tasks, like text summarization and multiple-choice questions,



because these tasks can vary greatly. (3) Data used to en-
hance faithfulness is hard to scale: This issue is especially
problematic with data used to improve the faithfulness in
long-form generation tasks. Unlike tasks with clear answers,
e.g., short-form fact-seeking QA tasks, there is no standard
way to ensure data quality in long-form generation tasks
(Duong et al. 2025). Thus, the used training data are typically
annotated by humans, which is costly and not scalable.

To tackle these challenges, we propose a systematic post-
training method called CANOE. The main idea behind CA-
NOE is to synthesize easily verifiable short-form QA data and
then leverage reinforcement learning (RL) with tailored rule-
based rewards to improve the faithfulness of LLMs in both
short-form and long-form generation tasks. CANOE firstly
introduces Dual-GRPO, a variant of GRPO (Shao et al. 2024)
that includes three carefully tailored rule-based RL rewards
derived from synthesized short-form QA data, while opti-
mizing both short-form and long-form response generation.
For the provided contextual information and question, Dual-
GRPO first prompts LLMs to produce a reasoning process,
followed by a long-form answer composed of detailed and
complete sentences, and finally a concise short-form and
easily verifiable answer in just a few words. For example,
given the context, if the question is “What is the country of
origin of Super Mario?”, the long answer could be “Super
Mario originated from Japan.”, while the short answer could
simply be “Japan”. In this way, we can assign different re-
wards to long-form and short-form responses, optimizing
both simultaneously. Note that we assign accuracy rewards
on generated short-form responses since the short-form QA
task enables reliable rule-based verification of faithfulness.
To overcome the problem of the faithfulness of the generated
long-form responses being difficult to evaluate via rule-based
verification, we propose proxy rewards to evaluate it implic-
itly. Specifically, we construct the new input by replacing
the given context with the generated long-form answer, then
feed it to the LLMs to evaluate whether a long-form answer
can drive the LLMs toward the correct short-form answer.
If the generated long-form response enables LLMs to gen-
erate the correct final answer, this indicates that it remains
context-faithful and contains easy-to-understand sentences
that answer the question correctly. We also introduce format
rewards to ensure more structured outputs and contribute
to more stable training. To obtain the data used for train-
ing without human annotation, we collect head-relation-tail
triples from the knowledge base, apply the advanced GPT-40
(OpenAlI 2023) to synthesize the question and contextual in-
formation, and use the tail entity from the triple as the answer
to ensure the correctness. Moreover, we introduce four di-
verse QA tasks to ensure the complexity and diversity of the
training data. Combined with the rule-based Dual-GRPO and
data synthesis, CANOE can teach LLMs to remain context-
faithful in both short-form and long-form generation tasks
without relying on human annotations.

We evaluate the effectiveness of CANOE across 11 differ-
ent downstream tasks, covering short-form and long-form
generation tasks. Experiments show that CANOE can signifi-
cantly reduce faithfulness hallucinations. As shown in Figure
1, these results are unprecedented for open-source models
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that do not rely on additional human annotations.

2 Methodology

In this section, we will detail our proposed framework CA-
NOE, which aims to teach LLMs to remain faithful across
different tasks without human annotation. Specifically, we
first synthesize easily verifiable short-form QA data and then
propose the Dual-GRPO with designed rule-based rewards
to improve the faithfulness of LLMs in both short-form and
long-form response generation. We start with the introduc-
tion of the short-form data synthesis process, then a brief
overview of RL protocol, and the tailored rule-based rewards
used in the proposed Dual-GRPO training. An overview of
the CANOE framework is presented in Figure 2.

2.1 Training Data Construction

Constructing high-quality and easily verifiable data is crucial
for rule-based RL training (Shao et al. 2024). Inspired by
knowledge base question generation (Cui et al. 2019), we
attempt to collect triples from the knowledge base and use
the advanced LLMs to synthesize the context and question.
Concretely, we first collect about 30,000 head-relation-tail
triples from Wikidata (Vrandeci¢ and Krotzsch 2014). Each
collected triple (h,r,t) includes a head entity h, a tail en-
tity ¢, and the relation r between two entities. Then we craft
prompt templates and query the most advanced GPT-4o to
synthesize the contextual information ¢ and question ¢ based
on the triple (h, r,t). We directly use the tail entity ¢ as the
final answer a to ensure the correctness and easy validation
of the synthesized data. Each synthetic short-form QA sam-
ple (¢, g, a) consists of a contextual passage ¢, a question
¢, and a ground truth answer a. In this way, we can obtain
short-form QA data that can be easily verified; thus, we can
utilize a rule-based RL method to optimize our LLMs to
be more faithful. Meanwhile, to ensure the complexity and
diversity of training data, we design four diverse QA tasks,
including straightforward context, reasoning-required con-
text, inconsistent context, and counterfactual context. The
model is expected to answer the question by leveraging the
information in the provided context.

Straightforward Context. A straightforward context means
that the context clearly contains statements of the final answer.
It requires models to accurately locate and utilize information
from the context in order to answer questions. Specifically,
we keep the original collected triple as input to query GPT-40
to synthesize the data (c, ¢, a).

Reasoning-required Context. This type of context contains
multiple related entities and relations, and requires models to
correctly answer multi-hop reasoning questions. Firstly, we
construct a subgraph based on the sampled triples and extract
2, 3, 4-hop paths [(h!,r!,t1), ..., (A", 7™, t")],<4. Then, we
use the n-th tail entity £ as the ground truth answer and
employ the constructed paths to query GPT-40 to obtain the
multi-hop context and question.

Inconsistent Context. This involves multiple randomly or-
dered contexts generated from different triples. This simu-
lates noisy and inconsistent scenarios, where models need
to detect inconsistencies and focus on useful and relevant
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Figure 2: An overview of CANOE framework. CANOE first synthesizes easily verifiable short-form QA data and then proposes
the Dual-GRPO with designed rule-based rewards to improve the faithfulness of LLMs.

contexts to answer the questions. We construct such a sample
by combining the contexts from up to three QA samples.
Counterfactual Context. A counterfactual context contains
statements that contradict common sense within the collected
triples. Firstly, we replace the tail entity ¢ of the original
collected triple with a similar but counterfactual entity ¢¢7.
Then, we query GPT-40 to generate questions and counterfac-
tual contexts to construct counterfactual samples. Unlike the
aforementioned tasks, this task further highlights the impor-
tance of faithfulness for LLMs to answer the questions cor-
rectly, as it prevents models from depending on their learned
factual knowledge to find the right answers.

By introducing four different tasks, we construct 10,000
QA pairs used for training without human annotation. These
short-form QA data can be easily verified and include tasks
varying in complexity, which can make rule-based RL train-
ing more efficient in improving the faithfulness. More details
are shown in the Appendix A, e.g., used prompts, data mixing
recipes, and data statistics.

2.2 Reinforcement Learning Protocol

For RL training of LLMs, methods based on policy optimiza-
tion, such as PPO (Schulman et al. 2017) and GRPO (Shao
et al. 2024), have been explored. Given the effectiveness of
GRPO in training models and its advantages over PPO, e.g.,
eliminating the need for human-annotated preference data
to train a reward model, we utilize GRPO to optimize and
improve the faithfulness of the policy model 7y.

For each input, consisting of provided contextual informa-
tion ¢, a natural language question ¢, the model generates a
group of GG candidate answers, {01, 09, ..., 0q}. Each can-
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didate is evaluated using a designed composite rule-based
reward function to capture the end goal of faithfulness. GRPO
leverages the relative performance of candidates within the
group to compute an advantage A; for each output, guiding
policy updates according to the following objective:

G
1
jGRPO(G) = ]qu,{oi}wmaotd é Lz:; ‘CZ - ﬁ]D)KL(ﬂ-OHWTGf) ’ (1)
Ei = min (UJZA,“ Cllp(wz, 1-— €, 1+ G)AZ) s (2)
where w; = _Toloila) - g, 1S the policy before the update,

70014 (0i10)”
Tt 1S the refererllz:e policy (i.e., the initial model), € and (3 are
hyperparameters controlling the update step and divergence
regularization and A; is computed using the normalized re-
ward within the group. We use our synthesized QA data as
training data, which is easily verifiable, so that we can apply
GRPO and train LLMs using rule-based rewards. Also, em-
ploying the rule-based GRPO removes the need for humans
to label preference data for training the reward model.

2.3 Reward Design

Having a well-designed reward is key to the effectiveness of
RL training. To use easily verifiable short-form QA data to
improve the faithfulness of LLLMs, the most intuitive reward
would be the accuracy reward, which can check if the gen-
erated responses match the ground truth answers. However,
in our early experiments, we found that relying solely on
short-form QA data and accuracy rewards fails to enhance
the faithfulness of long-form response generation, as the
models may over-optimize short-form generation and learn
a false pattern. The tuned models tend to copy text spans



from the context as answers and lose their ability to gener-
ate long-form responses. Meanwhile, directly evaluating the
faithfulness of long, free-form responses via the rule-based
verification continues to pose an unresolved challenge.
Therefore, we propose Dual-GRPO, which includes a
set of well-designed rewards that provide more harmonized
guidance for optimizing LLMs to generate faithful responses.
Unlike the original GRPO that over-optimizes short-form
generation, we first prompt LLMs to generate both long-form
and short-form responses, then assign different rewards to
the two generated responses to improve the faithfulness.
System Prompt and Rollouts. For the provided context and
question, we introduce a system prompt that requires LLMs
to produce a reasoning process, then a long-form answer
composed of detailed and complete sentences, and finally a
concise short-form answer in just a few words. For example,
given the context, if the question is “What is the country
of origin of Super Mario?”, the long answer could be “Su-
per Mario originated from Japan.”, while the short answer
could simply be “Japan”. In this way, we can assign different
reward scores to long-form and short-form answers while op-
timizing them both at once. This system prompt also triggers
zero-shot chain-of-thought reasoning in the policy model,
which progressively improves as training advances to opti-
mize for the reward. The system prompt used for Dual-GRPO
rollouts is shown in the Appendix B.
Accuracy Reward for Short-form Response Generation.
This reward directly assesses whether the generated short-
form responses match the ground truth answers. We use the
exact matching (EM) to measure accuracy, giving a score
of 1 for a match and O for a mismatch. Thus, we can ensure
that the generated short-form response correctly answers the
question based on the context, making LLMs more faithful
in short-form response generation.
Proxy Reward for Long-form Response Generation. Eval-
uating the faithfulness of long-form responses via the rule-
based verification remains challenging. This is because these
long-form answers are often free-form, making rule-based
verification ineffective. Therefore, instead of directly evaluat-
ing the faithfulness of the long-form response, we propose a
proxy reward to evaluate it implicitly, as the faithfulness of a
long-form answer can be measured by its ability to drive the
LLMs toward a correct short-form answer. Specifically, for
each generated long-form answer ¥, r, we replace the given
context ¢ with it as new input and feed it to the LLM to check
whether the LLM can produce the correct short-form answer
based on y; ¢. If the generated long-form response can enable
the LLM to generate the correct answer, it indicates that the
long-form response stays faithful to the context, contains
complete and easy-to-understand sentences, and correctly
addresses the question. Thus, we assign a reward score of 1
for the positive long-form response that helps the LLM to
produce the correct final answer, and a reward score of 0 for
those that lead to an incorrect answer.
Format Reward. We also include a format reward that en-
courages adherence to a predefined output structure (e.g.,
using <think>, <long_answer>, and <short_answer>tags).
Outputs that conform to this pattern receive a reward boost,
thereby enhancing consistency. We use string matching to
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evaluate whether the generated responses adhere to the for-
mat, giving a score of 1 for a match and O for a mismatch.

Finally, we use the sum of these three rewards as the final
composite reward. It enhances the efficacy of the RL training
framework, guiding the model toward generating more faith-
ful responses in both short-form and long-form tasks. More
details are shown in the Appendix B.

3 Experiments

In this section, we conduct experiments and provide analyses
to justify the effectiveness of CANOE.

3.1 Tasks and Datasets

To evaluate our method CANOE comprehensively, we select
a range of downstream datasets, including short-form and
long-form generation tasks.
Short-form Generation Tasks. For short-form generation
tasks, we use two counterfactual QA datasets, including
ConFiQA (Bi et al. 2024) and CNQ (Longpre et al. 2021),
a multiple-choice questions dataset FaithEval (Ming et al.
2025), and a factual QA dataset FiQA (Bi et al. 2024) that
is the factual version of ConFiQA. These datasets ensure
the answers appear in the contexts to evaluate the faithful-
ness. We also evaluate our method on four open-domain
QA datasets within the FollowRAG benchmark (Dong et al.
2024) to evaluate the abilities of LLMs in real-world retrieval-
augmented generation (RAG) scenarios, including Natu-
ralQA (Kwiatkowski et al. 2019b), TriviaQA (Joshi et al.
2017), HotpotQA (Yang et al. 2018), and WebQSP (Yih et al.
2016). In real-world RAG scenarios, the answer may not
appear in the retrieved passages, and these passages tend to
be noisy. We evaluate models based on whether gold answers
are included in the generated responses (i.e., Acc) and exact
matching (EM) for QA tasks. For multiple-choice questions,
we follow Ming et al. (2025) and use keyword matching to
verify the accuracy.
Long-form Generation Tasks. We include a text summa-
rization task XSum (Narayan, Cohen, and Lapata 2018), a
text simplification task WikiLarge (Zhang and Lapata 2017),
and a long-form QA task CLAPNQ (Rosenthal et al. 2025).
To evaluate the faithfulness of generated long-form answers,
called FaithScore (FS), we use MiniCheck (Tang, Laban,
and Durrett 2024) to check whether the model response is
grounded in the provided context. MiniCheck is a state-of-
the-art method to recognize if LLM output can be grounded
in given contexts. If the model response contains at least
one statement that cannot be inferred from the context, we
consider it as a negative response; otherwise, it is a positive
response. We also query GPT-4o to evaluate the quality of
generated responses, namely QualityScore.

More details can be found in the Appendix C.

3.2 Baselines and Implementation Details

Baselines. We compare several baselines, including (1)
Vanilla LLMs: including LLaMA-3-Instruct (Meta 2024)
and Qwen-2.5-Instruct (Yang et al. 2024) of different sizes.
We also conduct supervised fine-tuning on synthesized
10,000 short-form data as SFT baselines. (2) SOTA LLMs:



Short-form Generation Tasks

Long-form Generation Tasks

Model Avg. Score
ConFiQA FiQA CNQ FaithEval FollowRAG XSum WikiLarge CLAPNQ
EM Acc EM Acc EM Acc Acc EM  Acc FS FS FS Avg EM  Avg Acc
The state-of-the-art LLMs
GPT-40 315 427 668 796 434 559 475 422 578 807 88.1 70.3 58.8 65.3
GPT-40 mini 49.5 637  67.1 788 478 543 50.9 385 513 754 91.0 66.0 60.8 66.4
DeepSeek V3 49.5 586 670 765 546 673 51.0 377 552 828 85.6 71.0 62.4 68.5
Claude 3.7 Sonnet 260 360 564 722 414 650 45.6 363 537 783 81.7 68.3 54.3 62.6
"OpenAlol 777490 579 780 897 295 390 520 405 570 810 881 T« 68.00 608 66.6
DeepSeek R1 68.4 743 68.4 80.7 60.3 70.2 60.1 429 566 803 33.0 73.5 67.1 72.3
Claude 3.7 Sonnet-Thinking ~ 27.1 387 595 767 421 67.0 57.0 388 553  79.0 81.4 72.2 57.1 65.9
LLaMA-3-Instruct Series
LLaMA-3-Instruct-8B 492 582 114 593 37.8 452 52.0 31.1 448 642 77.1 58.5 47.7 57.4
LLaMA-3-Instruct-70B 38.1 54.5 9.1 668 542 650 50.9 387 457 720 77.4 47.2 48.5 59.9
CSFTS8B 650 703 359 599 0 526 657 430 192 200 622 742 553 509 564
Context-DPO-8B 66.3 729 409 595 546 623 37.5 299 438 652 78.2 59.1 54.0 59.8
SCOPE;,,-8B 357  64.6 7.1 68.7 338  60.6 55.7 30.1 462 703 80.3 59.8 46.6 63.3
CANOE-LLaMA-8B 735 809 827 849 667 734 74.6 409 517 744 84.4 64.9 70.3 73.6
A’ Compared to Vanilla. - +243 4226 +713 4256 +289 4282 4226 498 469 4102 473 - +6.4 4226 +162

Qwen-2.5-Instruct Series

56.1 32.6
51.6 34.8
47.0 339

Qwen-2.5-Instruct-7B . . . . 55.3 68.2
Qwen-2.5-Instruct-14B . . R . 43.1 64.3
Qwen-2.5-Instruct-32B . X . . 37.7 66.4
Qwen-2.5-Instruct-72B

Context-DPO-7B
SCOPE,y,,,-7B
CANOE-Qwen-7B

CANOE-Qwen-14B
A Compared to Vanilla.

Table 1: Experimental results (%) on eleven datasets. The FollowRAG results represent the results averaged over these four
open-domain QA datasets, as shown in the Appendix C, including NaturalQA, TriviaQA, HotpotQA, and WebQSP. Bold
numbers indicate the best performance of models with the same model size. Avg EM/Acc represents the average score between
short-form task metrics (EM/Acc) and long-form task metric FaithScore (FS).

We further evaluate the most advanced LLMs, including GPT-
40, GPT-40-mini, OpenAl ol (Jaech et al. 2024), Claude
3.7 Sonnet (Anthropic 2025), Claude 3.7 Sonnet-Thinking,
DeepSeek R1, and DeepSeek V3 (DeepSeek-Al 2025a,b).
(3) The Methods to Improve Faithfulness: Context-DPO
(Bi et al. 2024) aligns LLMs through DPO with constructed
faithful and unfaithful short-form answers, thus improving
the faithfulness in short-form generation. SCOPE (Duong
et al. 2025) proposes a pipeline to generate self-supervised
task-specific data and applies preference training to enhance
the faithfulness in a special task. We train it on the sampled
training set of the summarization task XSum as SCOPEg,,,,,,
regarding it as the method designed to improve the faithful-
ness of long-form response generation.

Implementation Details. Our experiments are conducted on
LLaMA-3-Instruct and Qwen-2.5-Instruct. Details are shown
in Appendix D, e.g., hyperparameters.

3.3 Main Results

CANOE Improves the Faithfulness of LLMs in Both Short-
form and Long-form Response Generation. As shown
in Table 1, CANOE shows significant improvements on 11
faithfulness-related benchmarks. CANOE achieves substan-
tial improvements in the overall score compared to original
LLMs, e.g., 22.6% for Llama3-8B and 19.0% for Qwen2.5-
7B in Avg EM score. CANOE also surpasses the most ad-
vanced LLMs (e.g., GPT-40) in the overall score (both Avg
EM and Avg Acc scores). This shows that CANOE effectively

Model XSum  WikiLarge @ CLAPNQ  Avg
GPT-40 98.5 97.5 81.2 924

" LLaMA-3-Instruct-8B 709 829 392 643
LLaMA-3- Instruct-70B 86.2 83.0 30.1 66.4
CANOE-LLaMA-8B 85.8 87.8 65.5 79.7

" Qwen-25-Instruct-7B 794 790 646 743
Qwen-2.5-Instruct-14B 90.5 83.1 63.6 79.1
Qwen-2.5-Instruct-32B 90.3 83.9 58.6 77.6
Qwen-2.5-Instruct-72B 95.7 94.1 75.4 88.4

' CANOE-Qwen-7B 915 873 682 83
CANOE-Qwen-14B 91.9 89.7 73.5 85.0

Table 2: QualityScore (%) on long-form generation tasks.

aligns LLMs to be context-faithful. Also, for real-world RAG
scenarios, our proposed CANOE can also improve the per-
formance even though the answer may not appear in the
retrieved passages, and these passages are often noisy.

CANOE Maintains the Factuality of LLLMs. We further
evaluate whether CANOE will reduce the factuality of LLMs.
Following Ming et al. (2025), we modify the original FaithE-
val and make it a closed-book QA setting, where no context is
provided and LLMs need to give factual answers. In this case,
the models rely entirely on their parametric knowledge of
common facts, and we find that our proposed CANOE main-
tains the factuality compared to the untuned LLM as shown in
Figure 3. However, when a new context with counterfactual
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models are colored in orange. We report the results from the chat version of LLaMA-3 and Qwen-2.5.

Acc EM
Model
QA MR MC QA MR MC
GPT-40 522 456 303 433 324 18.7
" LLaMA-3-Instruct-8B  69.7 559 491 60.0 479 39.6
CANOE-LLaMA-8B 827 801 798 764 735 705
" Qwen-25-Instruct-7B 728 59.1 511 649 502 425
Qwen-2.5-Instruct-14B ~ 62.4 449 347 447 343 233
Qwen-2.5-Instruct-32B  74.1 659 593 559 428 3438
Qwen-2.5-Instruct-72B ~ 63.3  50.3 433 543 422 347
" CANOE-Qwen-7B 795 761 701 733 679 617
CANOE-Qwen-14B 91.8 864 841 89.7 852 821

Table 3: Results (%) on three tasks in ConFiQA.

evidence that contradicts the model’s parametric knowledge
is introduced, performance declines sharply. For example,
GPT-40 achieves 96.3% accuracy on factual closed-book QA
task but only 47.5% on counterfactual QA task that evalu-
ates the faithfulness of LLMs. This highlights that, unlike
factuality, the faithfulness of LLMs is difficult to improve by
simply scaling model parameters, which further indicates the
necessity of a post-training method to improve faithfulness.
CANOE Improves the Quality of Long-form Response
Generation. As shown in Table 2, we can find that our pro-
posed CANOE consistently improves the generation quality
in the three long-form tasks. This is because the proxy reward
implicitly requires LLMs to generate easy-to-understand re-
sponses, which further optimizes the response quality.
CANOE Enhances LLLMs’ Reasoning in Short-form Re-
sponse Generation. ConFiQA consists of three different
tasks: question answering (QA), multi-hop reasoning (MR),
and multi-conflicts reasoning (MC). QA focuses on the single-
hop task with context containing one corresponding answer,
while MR and MC involve multi-hop reasoning tasks with
context containing one and multiple related counterfactual
contexts, respectively. As shown in Table 3, CANOE not only
improves the faithfulness in the single-hop QA task but also
enhances the reasoning ability in reasoning tasks.

CANOE Mitigates Overconfidence Bias. For each model,
we select a total of 110 unfaithful samples with the high-
est perplexity from the 11 datasets, 10 samples per dataset.
Then we report the average perplexity score on these negative
samples shown in Figure 4. We can find that CANOE pro-
duces the high perplexity scores, indicating low confidence
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Figure 4: The average perplexity score of 110 negative sam-
ples for each model from eleven datasets.

Short-form Tasks Long-form Tasks

Model
EM Acc FaithScore  QualityScore

CANOE-LLaMA-8B 67.7 73.1 74.6 79.7

w/o. Our Method 36.3 51.9 66.6 64.3
“-w/o.Dual-GRPO 60.5 66.6 NA T 235
" -w/o. Reasoning-required Data.  63.7 694 7 753

-w/o. Inconsistent Data. 64.4 70.2 70.2 72.5

-w/o. Counterfactual Data. 62.6 67.8 69.7 73.7

Table 4: Results (%) of ablation study. EM/Acc in short-
form tasks represents the average score between QA metrics
(EM/Acc) and the accuracy of FaithEval. N/A means a false
generation pattern hacks this metric.

scores, for these bad cases. This shows that CANOE mitigates
overconfidence in these false statements.

3.4 Analysis

Ablation Study. We conduct an ablation study in Table 4.
The result reveals that our proposed CANOE (including Dual-
GRPO and the designed short-form data synthesis) signifi-
cantly improves the faithfulness of LLMs in both short-form
and long-form generation tasks. For Dual-GRPO, we observe
that directly applying GRPO to synthesized short-form data
leads to over-optimizing short-form generation and a false
response generation pattern. We find that tuned models tend
to directly copy text spans from the given context as the final
answer instead of following instructions in long-form genera-
tion tasks (we show the case study in Table 5 to visually show
this phenomenon). Thus, the generated responses do not con-
tain syntactically and semantically complete sentences for
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Text Summarization Task
Inputs: {Documents}
Instruction: Refer to the passage above and provide a summary as the response.

CANOE-LLaMA-8B: Kareem Badr and his friends were able to turn around the
struggling comedy club, the Hideout, by applying their skills in problem-solving and
efficiency. They broke down the business into small chunks and figured out how to
make each aspect better and more efficient. This approach helped them to improve
the club’s performance and eventually expand it. The passage also mentions that the
growing popularity of stand-up comedy is fueled in part by younger audiences, who
view humorous TV hosts as their primary source for news. Many comedy clubs now
require talent, and there is a career and a living to be made by good comedians who are
not superstars. The clubs also make money from selling drinks and dinners, as well as
from cover charges and talent fees. In addition, digital media has given live comedy a
boost, with one terrific joke being able to get a million hits online. (v')

Figure 5: Case study between the models trained via GRPO
and our model for the summarization task.

long-form generation tasks, which leads to low QualityScore
performance and also invalidates the metric used for evalu-
ating faithfulness. For the designed QA tasks used to ensure
the complexity and diversity of training data, we replace the
designed Reasoning-required Context and Inconsistent Con-
text samples with the same number of samples that contain
Straightforward Context. We find that involving these more
challenging instances can improve the effectiveness of RL
training. We also replace the data points that contain Counter-
factual Context with the same number of factual samples. The
designed Counterfactual Context improves the final perfor-
mance as it prevents models from depending on their learned
factual knowledge to find the right answers.

Case Study. We find that directly applying GRPO instead
of our Dual-GRPO to synthesized short-form data leads to
over-optimizing short-form generation and a false response
generation pattern. As shown in Figure 5, we find that the
tuned model GRPO-LLaMA-8B tends to copy text spans
from the given context as the final answer instead of following
instructions in the summarization task. We also observe the
same phenomenon in the tasks of text simplification and
long-form QA; more details can be found in the Appendix F.
However, when we apply Dual-GPRO, we find that trained
models can generate fluent and complete sentences. Thus,
Dual-GRPO not only improves the faithfulness of LLMs
in two types of response generation but also ensures the
utility. We also conduct a case study in Figure 6 to show the
advantages of CANOE. CANOE ensures the statements are
faithful and comprehensive, and the text flows naturally.

4 Related Work

Recently, the demand for utilizing LLMs to generate co-
herent text responses based on the provided contexts has
continued to grow (Si et al. 2022, 2023; Zhao et al. 2025),
e.g., retrieval-augmented generation and text summarization.
However, LLMs are often criticized for generating outputs
that deviate from the provided contents, namely faithfulness
hallucination (Huang et al. 2024). Many approaches have
been proposed to improve the faithfulness of language mod-
els (Si et al. 2025a; Wang et al. 2025). The first line of work
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Question: What do Greeks say when they break plates?

Qwen-2.5-Instruct-7B: Based on the information provided in the passages, there is
no specific mention of what exactly Greeks say when they break plates during the
plate-breaking ceremony. (X)

CANOE-Qwen-7B: According to the information given, in the Three’s Company
episode “Opening Night,” when Jack breaks the plates at the end of the celebration, he
exclaims “Opa!”.(v') This suggests that “Opa!” might be a phrase commonly used in
Greek culture during such festivities. (v') “Opa!” is often used to express joy, excite-
ment, or approval, which aligns with the celebratory nature of plate smashing in Greek
traditions. (v)

Figure 6: Case study from long-form QA task CLAPNQ. For
different useful statements, we use different colors.

focuses on the inference stage, such as designing prompts
to encourage context integration (Zhou et al. 2023) and im-
proving context quality via explicit denoising (Xu, Shi, and
Choi 2024). Although effective, these approaches primarily
serve as a compensatory way rather than enabling the model
to inherently learn to prevent generating unfaithful responses.
Thus, many studies attempt to apply post-training methods to
improve the faithfulness. Bi et al. (2024) utilizes constructed
faithful and unfaithful short-form completions and applies
DPO to align LLMs to be context-faithful in short-form QA
tasks. Huang et al. (2025) trains LLMs to discriminate be-
tween faithful and unfaithful responses in long-form QA
tasks by unfaithful response synthesis and contrastive tuning.
Li et al. (2025) introduces a self-evolving framework to main-
tain the faithfulness of LLMs in long-form QA tasks through
iterative self-improvement. Duong et al. (2025) proposes a
pipeline to generate a self-supervised task-specific dataset
and applies preference training to enhance the faithfulness
for a special task. However, these methods struggle to consis-
tently improve the faithfulness of LLMs across various tasks,
as these methods are designed for specific tasks.

5 Conclusion

In this paper, we propose CANOE, a systematic post-training
method for teaching LLLMs to remain faithful in both short-
form and long-form generation tasks without human annota-
tions. By synthesizing diverse short-form QA data and intro-
ducing Dual-GRPO, a tailored RL method with three well-
designed rule-based rewards, CANOE effectively improves
the faithfulness of LLMs. We first synthesize short-form QA
data with four diverse tasks to construct high-quality and
easily verifiable training data without human annotation. We
then propose Dual-GRPO, a rule-based RL method that in-
cludes three tailored rule-based rewards derived from synthe-
sized short-form QA data, while optimizing both short-form
and long-form response generation simultaneously. Experi-
mental results show that CANOE consistently improves the
faithfulness of LLMs across diverse downstream tasks.
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