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Abstract. Large Language Models (LLMs) excel in tasks like text genera-
tion and question answering, but often rely on parametric knowledge, lead-
ing to hallucinations when required to reason strictly within a given context.
In this paper, we propose a conceptual framework for context-faithful rea-
soning, ensuring responses are grounded solely in the provided information.
We evaluate our approach using the RealTime QA dataset, which features
open-domain, time-sensitive questions that require grounding in a specific
document. Our experiments demonstrate that the proposed method outper-
forms existing prompt engineering techniques on abstention tasks, achieving
an accuracy of 0.95 compared to baseline models.

1. Introduction

The growing interest in Large Language Models (LLMs) has driven research across
various domains, given their ability to handle complex tasks. The widespread adop-
tion of models such as ChatGPT [OpenAI 2022] has further expanded their appli-
cations. However, when used without proper guidance in instruction formulation,
these systems can generate inaccurate responses, with distorted concepts or outdated
information [Kasai et al. 2024], particularly in tasks that require reasoning.

To mitigate these limitations, prompt engineering, a set of techniques focused
on the strategic design of instructions, has emerged as an effective approach, enabling
the guidance of model outputs without the need for parameter tuning [Saravia 2022]
[Sahoo et al. 2024]. Despite significant progress, challenges remain, especially in
tasks involving strategic reasoning and multi-step inference [Yao et al. 2023]. Tech-
niques such as Chain of Thought (CoT) [Wei et al. 2023], designed to address this
type of task, do not always yield consistent performance gains [Bao et al. 2024], and
in some cases, their impact is limited.

Recent studies indicate that LLMs tend to operate in a slow and deliber-
ate manner, which may hinder their effectiveness in cumulative reasoning tasks
[Zhang et al. 2024]. Furthermore, [Pan et al. 2024] identify two key challenges:
faithless generation, where responses fail to reflect specific or up-to-date facts, and
weak reasoning, in which models struggle to properly analyze the given context,
undermining the usefulness of their responses. While parametric knowledge, that is,
the information stored in the model’s parameters during training [Xu et al. 2024],
is valuable for general knowledge tasks, its dominance can impair performance in
scenarios that demand strict adherence to the provided context [Zhou et al. 2023].



A promising direction for improving performance in reasoning tasks is the
incorporation of auxiliary context. However, studies show that LLMs often partially
or entirely disregard this context, posing a significant challenge for applications that
require consistency and contextual fidelity. Ensuring such fidelity requires that the
model infer exclusively from the provided information, avoiding trivial assumptions
or biases derived from prior knowledge.

In this work, we propose a framework that guides LLMs to reason exclu-
sively based on the provided context, eliminating reliance on external knowledge or
additional training adjustments.

2. Overview
Large Language Model (LLM) Language models are probabilistic models de-
signed to represent and predict the structure of a natural language. Essentially,
these models estimate the probability of a sequence of words occurring based on a
given context [Xiao and Zhu 2025]. Let x0, x1, . . . , xm be a sequence of words from
a vocabulary ν, where x0 is the start symbol ⟨s⟩. The probability of this sequence
can be defined using the chain rule:

Pr(x0, ..., xm) = Pr(x0) · Pr(x1|x0) · Pr(x2|x0, x1) · · · Pr(xm|x0, ..., xm−1)

=
m∏

i=0
Pr(xi|x0, ..., xi−1)

(1)

where Pr(xi | x0, . . . , xi−1) represents the probability of token xi occurring
given the history of previous tokens (x0, . . . , xi−1). These probabilities reflect how
likely it is that a given sequence will be generated, considering the order and context
of the tokens. Tokens are the smallest units of text processed by the model, they
may correspond to an entire word, part of a word, an individual character, or even
a symbol.
Architecture The architecture of a language model is based on a neural network
known as the Transformer, whose structure relies on the self-attention mechanism.
This mechanism enables the model to evaluate relationships between all tokens in a
sequence, regardless of their distance, thereby facilitating the capture of contextual
dependencies [Vaswani et al. 2023]. As a result, the model learns the relationships
among tokens across long text sequences, allowing it to understand the meaning of
each token within its contextual setting [Jurafsky and Martin 2025].
Training According to [Devlin et al. 2019], training large language models typically
involves two main stages: pre-training and fine-tuning. Pre-training is the initial
phase, carried out in an unsupervised manner, in which the model is exposed to a
large textual corpus, usually composed of diverse sources such as books, articles,
and web pages. The goal of this stage is to enable the model to learn general
language patterns, including grammar, semantic structure, and world knowledge
[Jurafsky and Martin 2025]. The most common approaches used during pre-training
are causal language modeling and masked language modeling. In causal language
modeling, the model learns to predict the next word in a sequence. In masked



language modeling, the model receives input sentences with hidden (masked) words
and must predict the missing terms. After pre-training, the model can be adapted
to specific tasks through fine-tuning, which occurs in a supervised setting. In this
stage, the model is trained on labeled datasets to optimize its performance on a
particular application. This work does not aim to train a model from scratch, nor
to perform retraining or fine-tuning. Instead, it seeks to evaluate the capability
of pre-trained models to perform tasks that require comprehension and reasoning
based on a given context.
Prompt Engineering A prompt is an instruction given to a language model to
guide it in performing a specific task [Huyen 2025]. Well-crafted prompts can signifi-
cantly improve the accuracy and relevance of responses while reducing ambiguity and
minimizing the risk of hallucinations [Saravia 2022]. The practice of designing these
prompts strategically is known as prompt engineering, which has emerged to enhanc-
ing the performance of large language models (LLMs) [Jurafsky and Martin 2025].

3. Related Work

To identify the most relevant studies related to reasoning faithfulness in large lan-
guage models (LLMs), we conducted a systematic search using the query: (faithful)
AND (llm OR (large AND language AND model)) AND (context) AND (reasoning).
The search covered the period from 2021 to 2025. Below, we discuss the studies that
are most closely aligned with the proposed framework.

In [Zhou et al. 2023], addresses the issue of faithfulness in language mod-
els for context-specific Natural Language Processing (NLP) tasks. In this context,
faithfulness refers to the model’s ability to infer information solely from the provided
context, without relying on memorized knowledge or statistical biases. The authors
identify two main challenges: knowledge conflict and abstention prediction. To ad-
dress these issues, the researchers propose prompting strategies aimed at improving
model faithfulness. Among these strategies are opinion-based prompts, which re-
frame the context as a narrator’s statement and encourage the model to focus on
the given text; instructional prompts, which explicitly guide the model to ground
its answers in the context through clear instructions; and counterfactual demon-
strations, which present examples with altered information to prompt the model to
update its predictions based on the context, thereby reducing reliance on memorized
knowledge.

The study by [Pan et al. 2024], introduces a new framework called Chain-of-
Action (CoA), designed to enhance the ability of large language models (LLMs) to
answer multimodal questions in a reliable and well-grounded manner. The main goal
of CoA is to address two common challenges in current Question Answering (QA)
approaches: (i) unfaithful hallucinations, where the model generates responses that
are inconsistent with real-world or domain-specific facts, and (ii) poor performance
in reasoning over compositional information. The core contribution of the work
is a novel retrieval and reasoning mechanism that decomposes complex questions
into a structured sequence of actions. This approach is implemented through sys-
tematic prompts and predefined actions that guide the LLM through the process of
searching, verifying, and inferring information. To support this, the authors propose



three types of plug-and-play actions that can be adapted to various domains and
enable real-time retrieval from heterogeneous sources. Additionally, they introduce
the Multireference Faithfulness Score (MRFS), a verification system that detects
and resolves conflicts between LLM-generated answers and retrieved information,
thereby enhancing the reliability of the responses.

[Li et al. 2024] analyzes how memory strength and the style of evidence pre-
sentation influence the contextual faithfulness of large language models (LLMs)
when using external information during answer generation. The authors propose a
metric to quantify an LLM’s memory strength based on the consistency of its re-
sponses to different paraphrases of the same question. Using the PopQA and Natural
Questions datasets, along with models such as LLaMA2, ChatGPT, and GPT-4, the
experiments reveal that the stronger a model’s memory, the more it tends to rely on
its internal knowledge. However, presenting evidence in a paraphrased form signifi-
cantly increases the LLMs’ receptiveness to external information, thereby improving
their faithfulness to the given context.

The study [Huang et al. 2024], proposes the Prompting Explicit and Im-
plicit knowledge (PEI) framework, which aims to align the reasoning of pre-trained
language models (PLMs) with the human cognitive process in multi-hop question
answering (QA) tasks. Inspired by studies in reading psychology, PEI models ex-
plicit knowledge as the passages provided in the input and implicit knowledge as
the information acquired during the model’s pre-training, using unified prompts to
integrate both types of knowledge. The approach also incorporates question-type-
specific reasoning and enables filtering of irrelevant information from the passages.
Experiments on the HotpotQA dataset show that PEI achieves performance compa-
rable to state-of-the-art methods, with ablation studies confirming the effectiveness
of integrating explicit and implicit knowledge.

To better highlight the distinct contribution of the proposed framework, table
1 presents a comparative summary of the main approaches discussed. While methods
such as CoA and PEI focus on multimodal or multi-hop reasoning, this work uniquely
integrates structured verification and contextual validation in a sequential pipeline,
prioritizing abstention when information is insufficient. Moreover, unlike works that
rely heavily on memory strength mitigation, our framework emphasizes context-
based reasoning and response verification strictly within the provided information.

Table 1. Comparison of related works

Study Objective Prompt Strategy
[Zhou et al. 2023] Improve context faithfulness via

prompting
Opinion + Instruction

[Pan et al. 2024] Faithful multimodal QA with
structured decomposition

Chain-of-Action prompts

[Li et al. 2024] Analyze influence of memory
strength on context faithfulness

Paraphrased evidence in-
jection

[Huang et al. 2024] Integrate explicit + implicit
knowledge in multi-hop QA

Unified prompts with
question types

This work Context-based reasoning Multi-phase prompting



4. Context Reasoning Faithful Framework

Inspired by reading and text interpretation strategies identified in cognitive science,
we propose CRF2, a framework designed to guide language models in generating
responses that remain faithful to the provided context. CRF2 consists of four main
stages, as illustrated in Fig. 1. The first three stages are based on techniques well-
established in the literature, while the final stage introduces a strategy for validating
the contextual fidelity of the response. Each stage is described in detail below.

Figure 1. The diagram presents the four steps of the framework: (i) Understanding
the context, where the LLM analyzes the question, the document; (ii) Gener-
ating the response, where the LLM uses the understood context to generate
possible answers; (iii) Verifying the response, a step in which the generated
answer is re-evaluated; and (iv) Validating the response in context, where the
LLM confirms, based on the original content, whether the final answer is in
accordance with the context provided.

Understanding the context (UC) is based on the approach proposed by
[Yu et al. 2024], in which the model is guided to generate structured summaries
of the context, highlighting the most relevant information for answering the ques-
tion. This strategy aims to filter pertinent information and disregard irrelevant or
noisy segments, thereby reducing the likelihood of the model producing inaccurate
or hallucinated responses. To achieve this, the model receives three inputs: (i) the
question, which defines the problem to be solved and may require inference from the
context; (ii) the context, which gathers the information that supports the answer;
and (iii) the prompt, which provides instructions to guide the model in understand-
ing the question and extracting the necessary evidence.



Prompt UC:
Read the text below carefully and then analyze the question provided. Your
goal in this step is to:

• Understand the general content of the text.
• Identify exactly what the question is asking.
• Find the most relevant passage in the text to answer the question.
• If you find a relevant passage, provide the exact quote.
• If no part of the text provides a direct or indirect answer, simply re-

spond with, ’I don’t know.’
Text: {context}
Q: {question}
A: {options}

Generating the response (GR) is the stage in which the language model con-
structs a grounded response based on the summaries extracted in the previous phase.
Unlike conventional approaches that rely on direct answer generation, this stage fol-
lows a step-by-step reasoning process[Wei et al. 2023], ensuring that the response
is built logically upon the extracted summaries. The model receives the following
inputs: (i) the question, which defines the problem to be solved; (ii) the context
summaries, which are the structured segments previously extracted from the orig-
inal context. These summaries contain filtered information that may be useful for
answering the question; and (iii) the prompt, which provides instructions for the
model to reason sequentially, validating each step before reaching a final conclusion.
The prompt also instructs the model to explicitly acknowledge when the provided
summaries lack sufficient information to answer the question, thereby avoiding spec-
ulation or unsupported responses.

Prompt GR:
You will be given notes and a question. The notes contain information to
help you answer the question. If the notes do not provide the answer, choose
’I don’t know’. Otherwise, reason step by step and select the correct option.
Quot: {quot}
Q: {question}
A: {options}

Verifying the response (VR) is the stage in which the language model adopts a
strategy inspired by [Dhuliawala et al. 2023], where it autonomously generates a set
of questions aimed at assessing the correctness of the initial answer by identifying
potential inconsistencies, misinterpretations, or reasoning flaws. This verification
process is structured into three steps: (1) generation of verification questions, (2)
analysis of the initial answer based on the responses to the verification questions, and
(3) generation of a revised version of the answer if any inconsistencies are detected.
The inputs for this stage are: (i) Context: the information that must be used in the
answer; (ii) Question: the original problem to be solved; (iii) Generated Answer:
the output produced in the answer generation phase; and (iv) Prompt: explicit
instructions that guide the verification process.



Prompt VR:
You will be given a text, a question and an answer. Your goal is to check the
answer:

• Generate a list of check questions that can help you self-analyze
whether there are any errors in the original answer.

• Answer each check question in turn and then check the answer against
the original answer for inconsistencies or errors.

• Given the inconsistencies discovered (if any), generate a revised answer
incorporating the results of the check.

• If there are no inconsistencies, simply reaffirm the original answer as
correct.

Text: {context}
Q: {question}
A: {options}
Answer: {answer GR}

Validating the response in context (VRC) aims to ensure that the generated
answer is fully grounded in the provided context, without introducing external or
unsupported information. Unlike the previous verification stage, which focuses on
the internal consistency of the answer, this phase evaluates how well the response
aligns with the original context, assessing to what extent the presented information
is directly derived from the input data. The adopted strategy involves two main
steps: the model identifies which parts of the answer can be directly mapped to
the context and which parts represent additional inferences. If the answer includes
information that cannot be justified by the context, the model must detect these
elements and either revise the answer to remain strictly within the provided content
or state that it does not have enough information to respond. The model receives
the following inputs for this stage: (i) Context: the original set of information used
as the basis for the answer; (ii) Final Answer: the revised output from the previous
stage; and (iii) Prompt: instructions guiding the context-based verification process.

Prompt VRC:
You will receive a text, a question and an answer. Your goal is to:

• Find a passage in the text that logically justifies the answer.
• If you find one, cite the passage and explain the logical relationship

between the passage and the answer.
• If you do not find a passage that justifies the answer, change the answer

to ”I don’t know”.
Text: {context}
Q: {question}
A: {options}
Answer: {answer VR}

While both the VR and VRC stages aim to enhance the reliability of the gen-
erated response, they operate with distinct verification objectives. The VR stage
focuses on the internal consistency of the answer by analyzing whether the reasoning



is coherent and free from contradictions or misinterpretations, regardless of whether
the information aligns with the given context. In contrast, the VRC stage is con-
cerned with contextual fidelity, ensuring that all parts of the answer are explicitly
supported by the provided context, avoiding hallucinations or the inclusion of ex-
ternal knowledge. Thus, while VR evaluates the plausibility of the reasoning, VRC
verifies the groundedness of the content.

5. Experiments and Results
We conducted two experiments using datasets specifically designed to evaluate con-
textual faithfulness. The first experiment requires the model to find the answer
strictly within the provided context, and if no sufficient information is found, it
must respond with “I don’t know.” The second experiment uses data with counter-
factual contexts, which include statements that contradict common sense or widely
accepted knowledge. This setting directly challenges the model’s parametric knowl-
edge by confronting it with conflicting contextual information.
Benchmarks For the first experiment, we used the RealTime QA
dataset[Kasai et al. 2024], a benchmark created to test language models’ ability
to answer questions based on recent and continuously evolving events—that is,
questions whose answers cannot be known solely from the model’s prior knowledge.
To enable result comparison with previous work, we adopted a modified version
of RealTime QA, introduced by [Zhou et al. 2023], consisting of 113 instances. Of
these, 63 have explicit answers in the retrieved documents, while 50 are questions
whose answers cannot be inferred from the given context. To handle these cases,
the authors added an additional answer choice: “E) I don’t know.” Based on this,
two evaluation classes were defined: Class 1: when the model selects “I don’t know”
upon finding no supporting evidence in the context and Class 0: when the model
selects any other answer despite the absence of contextual support.

The second experiment was conducted using the FaithEval benchmark
[Ming et al. 2025], designed to assess the factual consistency of answers generated by
language models. This dataset includes three distinct types of context: Unanswer-
able Context, the context does not contain the answer to the question, Inconsistent
Context, multiple answers are supported by different documents and Counterfactual
Context – the context contains counterfactual statements that contradict common
sense or world knowledge. In this study, we initially focused only on the counterfac-
tual context setting to evaluate how the model handles conflicts between the context
and its internal knowledge.
Model The experiments used two models: LLaMA 3 70B [Minaee et al. 2024], cho-
sen for its competitiveness with state-of-the-art models and open-source availability,
and GPT-3.5 Turbo (version 0125) [OpenAI 2022], widely adopted in the litera-
ture. Both were configured with temperature set to 0, a maximum of 2048 tokens,
and default values for all other parameters, ensuring deterministic outputs without
context truncation.
Evaluation methods The performance evaluation was conducted based on met-
rics designed for contextual answering scenarios with the possibility of abstention,
as proposed by [Zhou et al. 2023]. Three main metrics were used: HasAns, which



measures accuracy on instances where the retrieved documents contain the answer;
NoAns, which assesses the model’s ability to correctly abstain by selecting the “I
don’t know” option when the context lacks sufficient information; and All, which
corresponds to the overall accuracy across all test instances.The performance eval-
uation was carried out using standard machine learning metrics: F1-score, recall,
accuracy, and precision. Accuracy was included due to its widespread use in studies
assessing contextual faithfulness. The F1-score, as the harmonic mean of precision
and recall, provides a more comprehensive view of the framework’s overall perfor-
mance. Below is the prompt used in [Zhou et al. 2023] for comparison.

Instruction: answer a question based on the provided input-output pairs.
Bob said: {context}
In Bob’s opinion, {question}
Choice: {options}

Table 2 presents the accuracy results obtained from the experiments using
the Realtime QA benchmark, comparing different configurations of the proposed
framework (CRF2) with the Opin+Instruc baseline. The results are shown for both
GPT-3.5 Turbo and LLaMA 3 70B models. For GPT-3.5, the baseline Opin+Instruc
achieved 0.95 accuracy for answerable questions (HasAns), but dropped significantly
to 0.56 for unanswerable ones (NoAns), resulting in an overall accuracy of 0.77. In
contrast, the full CRF2 pipeline (UC+GR+VR+VRC) improved NoAns detection
(0.90). With LLaMA 3 70B, all CRF2 configurations outperformed the baseline
across all metrics, with the full pipeline achieving 0.95 overall accuracy, demon-
strating high fidelity to the context and balanced handling of both answerable and
unanswerable questions.

Table 2. Comparison accuracy results between CRF2 and the context-faithful ap-
proach. Realtime QA Benchmark

GPT 3.5 Llama3 70BMethod HasAns NoAns All HasAns NoAns All
Opin+Instr [Zhou et al. 2023] 0.95 0.56 0.77 0.94 0.90 0.92

UC 0.76 0.82 0.79 0.95 0.94 0.95
UC+GR 0.97 0.82 0.90 0.95 0.94 0.95

UC+GR+VR 0.95 0.76 0.87 0.95 0.94 0.95
UC+GR+VR+VRC 0.65 0.90 0.76 0.95 0.94 0.95

The Fig 2 shows the results of the experiment using the FaithEval bench-
mark, with outcomes again presented by framework stage. In this experiment, we
maintained the same instruction used previously: the model should answer “I don’t
know” when it cannot find sufficient evidence in the context, even though this option
is not explicitly included in the dataset’s answer key. Interestingly, the “Understand-
ing the Context” stage achieved better performance compared to the final stage. In
this earlier step, the model answered “I don’t know” 52 times, whereas in the final
step it selected this response 144 times. Despite the variation in performance across
stages, CRF2 outperformed the results presented in [Ming et al. 2025] on the same
counterfactual context dataset, although the authors of that work used the GPT-4o
model.



Figure 2. Performance results of the CRF2 framework at each stage on the FaithEval
dataset under the counterfactual context scenario. The tables display detailed
evaluation metrics for each item in a set of 1,000 questions.

6. Discussion
In the experiment conducted using the RealTime QA benchmark, it was observed
that starting from the combination of UC + AG, the addition of subsequent stages
did not lead to performance improvements. This raises two important points for
analysis: (i) whether the answer verification stage properly evaluated the responses
generated in the previous step, and (ii) whether the context validation stage was
able to reinforce the verified answer using specific excerpts from the provided con-
text. The framework disagreed with the official answer key on four questions, which
deserve particular attention, as an analysis of the justifications generated by the
model suggests that the answer key itself may be incorrect. The full outputs gener-
ated by the models, are available in the GitHub repository. The four questions with
disagreements are organized in a separate file within the repository.

The results obtained from the experiment using the FaithEval benchmark
were lower than those achieved with RealTime QA. One of the main reasons for this
difference lies in the distinct nature of each benchmark. In the case of FaithEval, we
used questions with counterfactual contexts, i.e., scenarios that include statements
contradicting common knowledge or widely accepted facts, which introduces an
additional level of complexity compared to RealTime QA. Although the performance
surpassed the results reported in [Ming et al. 2025], it is necessary to reassess the
proposed framework and make adjustments to improve its effectiveness. As in the
previous experiment, the complete outputs are available in the previously mentioned
repository.

7. Conclusions and Future Work
We present CRF2, a framework designed to guide large language models in gen-
erating responses that remain faithful to the provided context. The motivation

https://anonymous.4open.science/r/CR2F-924F/


behind CRF2 stems from the growing challenge of hallucinations in LLM outputs
when models rely excessively on training data without adequately considering the
provided context, especially in fact-sensitive scenarios. Our approach achieved ac-
curacy higher than baseline methods, representing a relevant contribution to the
field under investigation. As limitations and challenges, we highlight the need for
benchmark adaptations to better evaluate fidelity in LLMs and the risk of reasoning
breakdown in the final stage due to the search for direct answers. All code and
outputs from the experiments have been made publicly available. As future work,
we plan to refine the steps, ensuring complementarity between them to achieve bet-
ter performance, evaluate the framework using other models, such as GPT-4o and
DeepSeek, as well as apply additional benchmarks like LogiQA to assess CRF2’s
performance on tasks that require complex reasoning.
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