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Abstract
While LLMs have achieved impressive performance across various
tasks, one under-explored area is evaluating their ability to follow
instructions provided in the prompt when generating responses. In
the context of question-answering (QA) tasks, a crucial research
gap is whether LLMs prioritize their own parametric knowledge or
the context provided in the prompt when generating an answer. Ig-
noring prompts, even when explicitly instructed to follow them,
may adversely affect performance and potentially lead to unin-
tended consequences. Additionally, LLMs should be self-reflective
(i.e., LLMs should recognize when their knowledge is inadequate)
and avoid hallucinations in such scenarios. To address our research
question, we propose Oedipus, an evaluation framework to eval-
uate LLMs’ ability to follow prompts. We further note that such
abilities could also be influenced by contamination (i.e., exposure to
datasets during training) and parametric knowledge. Consequently,
we develop a novel QA dataset with four types of contexts—correct,
masked, noisy, and absurd contexts with recent questions that LLMs
are unlikely to have encountered in pre-training data or corpus and
cannot be answered from parametric knowledge. We evaluate eight
LLMs through our proposed evaluation framework and observe
that LLMs often fail to follow instructions correctly and are not
self-reflective.
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1 Introduction

Figure 1: Proposed evaluation framework Oedipus considers the following
question -Who is the Current President of Liberia? Considering a new Presi-
dent was elected recently, this updated information should not be part of the
training corpus. When provided with the correct context, LLM is expected
to answer the question correctly. When provided with a masked context (i.e.,
Joseph Boakai was masked in the context), noisy context (i.e., Joe Biden is
the Current President), and absurd context (i.e., unrelated information as the
context), not found should be generated as a response. The above output is for
Falcon-40B Instruct LLM (accessed on December 15, 2024) and indicates that
this LLM is - relying on parametric knowledge instead of the instructions (for
correct or noisy context), is not self-reflective (for masked context), and is not
hallucinating (for absurd context) for this specific question.

LLMs are recognized for their impressive problem-solving capa-
bilities across various tasks, which can be attributed to the large
amount of world knowledge encoded in their parameters, termed
as parametric knowledge [3, 7, 12]. However, a) our knowledge con-
tinues to evolve, and b) users and applications may require the LLM
to find answers within a specific context. Therefore, it is essential
for LLMs to generate responses by thoughtfully considering the
context provided in the prompt.

Retrieval augmented generation [6, 8] has been proposed as a
solution to this problem, where updated knowledge is added as a
context to the LLM. Subsequently, LLMs can be prompted to utilize
this added information when generating content. However, these
LLMs (i) must perfectly follow the instruction provided in the prompt
to generate a response (based on the additional information) and
not rely solely on its parametric knowledge even when there is
a conflict, (ii) should be self-reflective i.e., know when knowledge
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Figure 2: Demography information of the participants of the crowdsourcing
experiment. Figures depicting the proportion of participants from each group
based on (a) gender, (b) continent of origin and (c) age. The participants belong
to diverse demographic groups.

required for generating the requested content is missing, and (iii)
not hallucinate i.e., not generate made up content.

To investigate these intricately interconnected issues, we intro-
duce Oedipus, drawing inspiration from the Greek mythological
character who possessed knowledge but overlooked the prophet’s
warning—an evaluation framework for assessing the performance
of LLMs through the lens of the three previously mentioned condi-
tions. It evaluates LLM performance for QA tasks with or without
context. Specifically, we consider five variants for each QA task: (i)
without context, (ii) with correct context, (iii) with masked context,
i.e., a context where the information required to answer the ques-
tion is masked out, (iv) with noisy context, i.e., a context containing
a wrong answer, and (v) with absurd context, i.e., a context unre-
lated to the question. To the best of our knowledge, this is the first
work to systematically evaluate the behavior of LLMs in response to
such an exhaustive list of contexts.

While there exists several publicly available QA datasets, we ar-
gue that the LLMs may have encountered them during pre-training,
which might influence their performance. This also echos with the
notion of contamination [4], which occurs when LLM training cor-
pus and evaluation tasks are absolutely identical or broadly similar
and can exaggerate the LLM’s performance [2, 5, 18]. Similarly,
if the questions can be answered from parametric knowledge, it
would also not be truly reflective of the LLMs’ abilities.

To address this, we create a dataset, ContextDrivenRecentQA,
which is essentially similar to other question-answer datasets but
has been developed with recent events in mind, namely QA tasks
that cannot be answered with parametric knowledge (2.2). Next,
we evaluate the ability of LLMs to consider the context provided
in the prompt. The extent to which an LLM follows instructions
could be measured based on its performance when provided with
masked, noisy, and absurd contexts. Figure 1 offers an illustration
of our proposed evaluation framework.

Note that our setup draws inspiration from the studies investigat-
ing the dynamics of parametric and contextual knowledge of LLMs.
For example, Longpre et al. [13] points out that LLMs rely mostly
on parametric knowledge, even when provided with context. Addi-
tionally, LLMs also get easily distracted by irrelevant contexts [16]
and are vulnerable to contradictory contexts [15]. Additional work
in this direction include [12, 14, 19]. However, our work primarily
concerns evaluating the abilities of LLMs in following instructions,
self-reflection and propensity to hallucinate [9, 10]. Moreover, our
framework controls for contamination and parametric knowledge,
which might influence performance. Our dataset is also similar to
RealtimeQA [11], a dynamic question-answer platform that releases

30 weekly questions for evaluating real-time baseline systems. How-
ever, their questions are not annotated with contexts/answers and
cannot be considered to probe our research questions.

We evaluate 8 LLMs with parameter sizes ranging from 7B to
70B, including chat, instruct, and retrieval-augmented variants. This
study contributes to the existing literature by contributing a new
QA dataset with different contexts.

To the best of our knowledge, this is one of the first studies to
compare the performance of LLMs based on parametric knowledge
vis-à-vis real-time contextual learning. It further demonstrates the
limitations of LLMs in following instructions or prompts to perform
tasks beyond parametric knowledge1.

2 Evaluation Framework: Oedipus
Oedipus features a context-driven QA task, prompts, a novel dataset,
and evaluation metrics. The upcoming section provides a detailed
elaboration on these elements. Overall, we aim to assess an LLM
based on its instruction-following and self-reflection capabilities,
along with its tendency to hallucinate.

2.1 Task
Context-driven QA task.We consider a QA task where a question,
alongwith a context, is provided to themodel. Additionally, the LLM
is also prompted to answer the question without being provided
with a context. Each question is annotatedwith four types of context
- (1) Correct context: A short text span, which contains the answer
to the question, (2) Masked context: same as correct but with the
phrase containing the answer removed, (3) Noisy context: same as
correct but the phrase containing the answer replaced by a noisy
variant and (4) absurd context: a text span completely unrelated to
the question. The process to obtain these questions and contexts is
provided in section 2.2.
Prompts.Our prompt consists of three components: the instruction,
the question, and the context. The instruction provides specific in-
structions for answering the question, such as "Answer the question
below in one word or as precisely as possible." The question itself is a
specific query, like "Where is the Colosseum located?". Finally, the
context refers to a text document where the necessary informa-
tion is provided to answer that particular question, such as "The
Colosseum is an elliptical amphitheater located in the city of Rome..."
See Table 1 for details. Broadly, we consider three different prompt
structures as follows:

Prompt A: A prompt with no context.
“Question: <question> Answer the question in one word or as pre-
cisely as possible.”
Logic: Prompt A checks if the model already possesses the knowl-
edge to answer the question.

Prompt B: A prompt with context.
“Question: <question> Answer only using information in the given
context. Answer the question in one word or as precisely as possible.
If the answer is not in the context, respond "Not found".
Context: <context>”
Logic: For questions that cannot be answered from the parametric
knowledge, the prompt analyzes if the model can utilize the context
to extract the necessary information. For the others, it analyzes
1Our code and data are available at https://github.com/Sandipan99/Oedipus
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Table 1: Illustrative examples from ContextDrivenRecentQA.

Question Answer Correct Context Masked Context Noisy Context Absurd Context

Has Cillian Murphy won an
Oscar?

Yes [...] Murphy portrayed J.
Robert Oppenheimer in
Nolan’s Oppenheimer (2023),
for which he received the
Academy Award [...]

[...] Murphy portrayed J.
Robert Oppenheimer in
Nolan’ Oppenheimer (2023)
........ [...]

[...] Murphy portrayed J.
Robert Oppenheimer [...] for
which he was nominated for
the Academy Award for Best
Actor but did not win. [...]

Mendeleev was born [...] near
Tobolsk in Siberia, Russia, [...].

Table 2: Results of the models run on all types of contexts for the ContextDrivenRecentQA dataset. EM is the exact match with the correct answer, NF is the fraction
of “Not Found” responses, and NEM is the fraction of exact matches with the noisy answer given in the noisy context. The results were achieved by using Prompt A
for Correct, Masked, Noisy, and Absurd context and Prompt B for No Context. Highlighted in Green are the most favorable result. In contrast, those in Red signify
the least desirable outcome.

ContextDrivenRecentQA

Context No Context Correct Context Masked Context Noisy Context Absurd Context
Metric EM↑ EM↑ NF↓ EM↓ NF↑ EM↓ NEM↑ NF↓ EM↓ NF↑
LLaMa2 7B Chat 10.8% 72.1% 5.1% 12.7% 32.5% 2.2% 76.9% 7.3% 1.5% 62.9%
LLaMa2 13B Chat 9.2% 71.2% 4.0% 10.5% 34.9% 2.9% 69.0% 7.7% 0.4% 89.5%
Mistral 7B Instruct 9.2% 82.2% 9.9% 10.3% 58.5% 1.5% 79.3% 15.2% 0.0% 99.3%
Falcon 7B Instruct 7.7% 42.6% 42.2% 7.9% 52.1% 2.2% 39.1% 43.7% 1.1% 75.8%
Falcon 40B Instruct 10.1% 85.1% 3.1% 16.9% 25.9% 3.1% 85.3% 3.3% 2.6% 77.1%
Cohere 9.6% 8.4% 32.0% 0.8% 90.8% 0.0% 1.2% 96.4% 0.4% 96.8%
LLaMa3.1 8B Instruct 10.6% 76.7% 10.2% 6.1% 83.8% 1.2% 82.6% 11.5% 0.0% 100%
LLaMa3.1 70B Instruct 15.3% 71.8% 7.2% 6.1% 85.4% 1.1% 79.1% 8.7% 0.0% 99.7%

Table 3: Results of the models run on all types of contexts for the Con-
textDrivenRecentQA dataset, but the model is prompted to ignore the context.
The shortcodes are similar to Table 2

Dataset ContextDrivenRecentQA

Context Correct Masked Noisy Absurd
Metric EM↑ EM↓ EM↓ NEM↑ EM↓
LLaMa2 7B Chat 48.1% 11.4% 5.7% 49.0% 2.9%
LLaMa2 13B Chat 47.7% 11.6% 3.3% 47.7% 2.9%
Mistral 7B Instruct 70.8% 14.5% 3.5% 72.3% 4.8%
Falcon 7B Instruct 54.9% 9.7% 2.9% 54.7% 2.6%
Falcon 40B Instruct 78.9% 16.9% 3.7% 79.6% 7.7%
Cohere 12.8% 9.6% 12.4% 10.0% 5.6%
LLaMA3.1 8B Instruct 78.5% 21.4% 4.3% 76.2% 12.0%
LLaMA3.1 70B Instruct 71.6% 25.6% 3.1% 70.3% 17.2%

the LLM’s instruction-following and self-reflection abilities. For
example, for masked context scenario it should answer “Not found”
even though the answer is present in its parametric knowledge as it
has been explicitly instructed to answer only utilizing the context.

Prompt C: A prompt where we explicitly tell the LLM to ignore
the given context.
“Question: <question> Answer the question by completely ignoring
the context. Answer in one word or as precisely as possible.
Context: <context>”
Logic: The goal of Prompt C is to analyze the model’s ability to
differentiate between parametric and contextual knowledge.

2.2 Dataset
Given the parametric knowledge might influence the instruction
following and self-reflection ability of the LLMs as well as their
propensity to hallucinate, we construct a new QA dataset - Con-
textDrivenRecentQA, considering topics where there has been a
recent change (e.g., elections) or the topic itself is rather new (e.g.,
Elon Musk buying Twitter). This controls the potential effects that

the parametric knowledge might have on the responses generated
by the LLMs.
Dataset Construction. To obtain the questions, answers, and the
correct context, we launch a large-scale crowdsourcing experiment
on an online platform2. Each participant was asked to write an
unambiguous question related to an event that occurred after Octo-
ber 2023 on topics such as politics, sports, business, entertainment,
climate, health, and dates. The participants were also asked to pro-
vide the answers to the questions and a context for the answers.
We instructed the participants to write the contexts from a neutral
perspective and in a businesslike-informative style. Participants
were also provided with detailed guidelines with self-explanatory
examples. As a preparatory step, we conducted pilot studies with
different versions of the task description to ensure appropriateness.
For a single contribution (i.e., 1 question, answer, and context), a
crowdworker was paid EUR 1.103. The collected questions, answers,
and contexts were then manually checked for quality control. After
removing duplicates and inappropriate contributions, we ended up
with 455 questions.

All questions are phrased such that they are applicable for no par-
ticular year (e.g., “When was Mother’s Day most recently?” instead
of “When was Mother’s Day in 2023?”). This way, the questions
remain applicable for future reference, and only the contexts need
to be updated. See Table 1. Additionally, questions follow particu-
lar templates that can be easily adapted to reflect current events.
For example, the template "Has <X> won a <Y>?" corresponding
to questions like “Has Cillian Murphy won an Oscar?” allows for
dynamic substitution of entities and events based on recent occur-
rences. The question could be rephrased as "Has Jannik Sinner won
the Australian Open?" by replacing X and Y with relevant entities
and events.

2https://www.clickworker.com/
3∼ EUR 750 in total including pilot studies
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Table 4: Rank Comparison of ContextDrivenRecentQA Models. The table uses shortcodes for column names derived from Tables 2 and 3 as follows: CCEM - Correct
Context EM, CCNF - Correct Context Not Found, MCNF - Masked Context Not Found, NCEM - Noisy Context EM, and ACEM - Absurd Context EM. Column "Prmt
A+B" represents the average of different ranks from Table 2, while "Prmt C" summarizes the rank from Table 3 for ContextDrivenRecentQA. The "Rank" column
shows the average performance across "Prmt A+B+C.". Next, we assign ranks for our LLMs as follows: rank 1 for Green (the most favorable result) and rank 8 for
Red (the least desirable outcome).

Model CCEM CCNF MCEM MCNF NCEM NCNEM NCNF ACEM ACNF Prmt A+B Prmt C Rank↓
LLaMa 7B 4 3 7 7 5 5 2 7 8 5.33 5.40 5.37
LLaMa 13B 6 2 6 6 7 6 3 4 5 5.00 5.00 5.00
Mistral 7B 2 5 5 4 4 3 6 1 3 3.67 3.40 3.53
Falcon 7B 7 8 4 5 5 7 7 6 7 6.22 6.40 6.31
Falcon 40B 1 1 8 8 8 1 1 8 6 4.67 4.80 4.73
Cohere 8 7 1 1 1 8 8 4 4 4.67 5.00 4.83
LLaMa3.1 8B 3 6 2 3 3 2 5 1 1 2.89 2.40 2.64
LLaMa3.1 70B 5 4 2 2 2 4 4 1 2 2.89 2.60 2.74

2.3 Evaluation Metrics
We consider three metrics for our experiments: Exact Match (EM),
Not Found (NF), and Noisy Exact Match (NEM) - only for the noisy
context. The EM is the percentage of questions that the model cor-
rectly responded to. To accurately calculate the EM, we manually
post-processed responses to identify differently phrased yet equiv-
alent answers. The models are expected to generate low EM scores
for the no context cases, given the questions are beyond their para-
metric knowledge. However, they should obtain high EM scores
when the correct context is provided. Similarly, masked, noisy, and
absurd contexts should return a low EM, as the correct answer is
not provided in the context. The NF score is the fraction of ques-
tions the model answered with Not Found. We expect models to
have a high NF score for masked and absurd contexts but low NF
scores for no, correct, and noisy contexts. Lastly, the NEM score
is the percentage of questions the model answers with the noisy
answer that is provided in the noisy context. We measure NEM only
for the noisy context and expect it to be high. For the masked and
absurd context scenarios, a low EM and a low NF would indicate
the model’s propensity to hallucinate.

3 Evaluating LLMs with Oedipus
We evaluate 8 models, LLaMa2 [17] 7B Chat, LLaMa2 13B Chat,
LLaMa3.1 8B Instruct, LLaMa3.1 70B Instruct 4, Mistral 7B Instruct 5,
Falcon [1] 7B Instruct, Falcon 40B Instruct 6, and RAG-based Co-
here 7. Our methodology is implemented using PyTorch v2.2.0 and
HuggingFace Transformers v4.37.2. We used all default hyperpa-
rameters for our analysis, and thus, it can be reproduced without
altering the default settings. We report the results in Table 2.

As anticipated, while most models are capable of answering some
recent questions due to their continuous training or relatively up-
to-date corpora, their accuracy rarely exceeds 10%. Notably, when
provided with appropriate context, the Falcon-40B achieves the best
accuracy of 85.1%, while RAG-based Cohere performs the worst
(with an unexpectedly low accuracy of 8.4%). However, Cohere
achieves the best performance for the masked context setup, with
90.8% ‘Not Found’ and a Masked EM of 0.8%. In noisy contexts,
Falcon 40B performs the best, while in absurd contexts, Mistral 7B
outperforms others, with scores of 85.3% and 99.3% respectively.
These results indicate that some open-source language models

4https://huggingface.co/meta-llama
5https://huggingface.co/mistralai
6https://huggingface.co/tiiuae
7https://cohere.com/generate

follow instructions better than others. We further note that all
the models, except Cohere and LLaMa3.1 models, tend to achieve
both low EM and NF scores for the masked scenario. This indicates
that the model generates wrong answers, which points to their
propensity to hallucinate.
Ignoring the Context. For the sake of robustness, we repeat our
analysis, explicitly instructing the model to ignore context (Prompt
C). The results are presented in table 3. We expect the model to
achieve similar EM scores as “No Context” (in table 2) irrespective of
correct, masked, noisy or absurd context. However, the performance
of the models differ significantly from the “No context” setups. In
fact, for some of the models, the results are closer to the correct
context EM score in table 2. Even when prompted to ignore context,
the LLMs still tend to use their parametric knowledge to generate
answers. These results further demonstrate the inability of the
LLMs to follow instructions.
Ranking ofModels. Furthermore, for our newly developed dataset,
we present a summarized comparison of the results in Table 4, based
on their performance rankings. Given a higher EM score is preferred
for some scenarios while a lower EM for others, we utilize ranking
and calculate the average ranking across all scenarios to determine
the best model in this setup. Based on the scores in tables 2 and 3,
we rank the LLMs and present the ranking in table 4. This analysis
allows us to understand the effects of different parameters and
summarizes the key findings of our work. To summarize, we observe
the LLaMa3.1 Instruct models to be the best performing ones, while
Falcon7B has the worst performance.

4 Conclusion
This is one of the first studies to systematically evaluate LLMs
in terms of their instruction-following ability, self-reflection, and
propensity to hallucinate, while controlling for the impact of para-
metric knowledge and contamination. We analyzed 8 LLMs with
varying numbers of parameters and types (chat, instruction, and
retrieval-augmentation variants). Broadly, we find that LLMs, irre-
spective of size, often fail to follow instructions. Alarmingly, LLMs
are often metaphorically blind like Oedipus, which raises concerns
about their ability to reliably answer questions.
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