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ABSTRACT
Pretrained Large Language Models (LLMs) have gained significant
attention for addressing open-domain Question Answering (QA).
While they exhibit high accuracy in answering questions related to
common knowledge, LLMs encounter difficulties in learning about
uncommon long-tail knowledge (tail entities). Since manually con-
structing QA datasets demands substantial human resources, the
types of existing QA datasets are limited, leaving us with a scarcity
of datasets to study the performance of LLMs on tail entities. In this
paper, we propose an automatic approach to generate specialized
QA datasets for tail entities and present the associated research chal-
lenges. We conduct extensive experiments by employing pretrained
LLMs on our newly generated long-tail QA datasets, comparing
their performance with and without external resources including
Wikipedia and Wikidata knowledge graphs.
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1 INTRODUCTION
Open-domain Question Answering (QA) [6, 10], which involves
answering questions regarding common knowledge, has long been
a challenging task in the fields of natural language understanding,
information retrieval, and related domains [13, 22]. Large language
models (LLMs) trained on internet text effectively capture a wide
range of world knowledge, encompassing both widely known facts
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and domain-specific information. These models have achieved re-
markable success in QA tasks, eliminating the need for external
documents during inference by implicitly storing knowledge in
their parameters [7, 14, 18].

However, the impressive achievements of LLMs in QA tasks are
primarily observed with regard to common concepts that frequently
appear on the internet (referred to as "head entities"), which are
thus more likely to be learned effectively by LLMs during pre-
training time. Conversely, when it comes to dealing with long-tail
knowledge, which encompasses rarely occurring entities (referred
to as "tail entities"), LLMs struggle to provide accurate answers
and often exhibit hallucination issues [5]. Due to the predominant
focus of most QA datasets on head entities [3, 6, 10], research
investigating the performance of LLMs on long-tail knowledge
has been limited. Recently, Kandpal et al. [7] conducted a study
to bridge this gap by constructing dedicated QA datasets for tail
entities. Their approach involved leveraging the entity frequency in
Wikipedia to define tail entities and quantitatively demonstrating
the limitations of LLMs in handling such entities.

Wikipedia documents [12] and Wikidata knowledge graphs [23]
are the primary external resources from which QA models acquire
knowledge. Consequently, the distribution of tail entities is largely
determined by the knowledge distributions within Wikipedia and
Wikidata. In this study, we propose a novel approach to defining
tail entities based on their degree information in Wikidata, as op-
posed to [7] relying on Wikipedia. By doing so, we generate QA
datasets with distinct distributions from previous works [7], thus
fostering diversity within tail-knowledge QA datasets. Within the
context of Wikidata, the degrees of entities reflect their level of en-
gagement with general knowledge. Hence, we leverage this degree
information to define tail entities.

The construction of QA datasets typically requires significant
human resources, hindering the creation of diverse datasets from
various domains that are essential for testing the robustness of
current QA models. In this study, our main emphasis lies on the au-
tomatic generation of long-tail QA datasets. However, we encounter
several challenges in this process, such as filtering noisy questions,
question granularity, difficulty control, and prompt engineering.
These challenges necessitate further research to identify fundamen-
tal solutions. We present these challenges through insightful case
studies, aiming to stimulate additional research in this area and
foster the development of QA models.

Lastly, we assess the performance of pretrained LLMs, specifi-
cally GPT3, on our tail entity datasets. Our findings reveal distinct
patterns compared to prior work [7], which defines tail entities
based on Wikipedia rather than Wikidata. This underscores the
importance of utilizing diverse QA sets to accurately gauge the
robustness of QA models. Moreover, we investigate strategies to
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enhance the performance of pretrained LLMs by incorporating ex-
ternal resources, such as external documents or knowledge graphs,
during inference time on our automatically-generated long-tail QA
datasets. We link these experimental results and the challenges
encountered during the automatic QA dataset generation process.
In summary, our contributions encompass:
• Introduction of novel tail knowledge QA datasets derived from
the Wikidata knowledge graph.

• Outline of the automatic construction of QA datasets and associ-
ated open research challenges.

• Evaluation of GPT3’s performance with/without external re-
sources on our new datasets.

Our code is publicly available1.

2 RELATEDWORK
Fact Learning by LLMs: LLMs [2, 21, 24] have shown state-of-the-
art performance across various NLP tasks. LLMs have been shown
to memorize facts successfully by learning high-frequency patterns
in the training data [7, 9, 20]. Kandpal et al. [7] show that an LLM’s
ability to answer a question is affected by how many times it has
seen relevant documents related to the question in its pre-training
data. They show that LLMs struggle to reason accurately over rarer
entities in the pre-training data (ROOTS [11], C4 [15], Wikipedia
[12], OpenWebText [4]). In this work, instead of using the pre-
training corpus, we define tail entities using Wikidata knowledge
graphs and construct a long-tail knowledge dataset that can be used
to study the open-domain QA performance of LLMs.
Open-domain Question Answering: ODQA is widely used to
measure the fact-learning performance of LLMs. However, most
of them are composed of common knowledge (i.e., head-entity
questions), which prevents deep investigations into LLM’s ability to
learn facts about uncommon concepts. For instance, TriviaQA [6] is
generated from trivia websites, where questions are generally about
popular entities or facts. Similarly, NaturalQA [10] is constructed
manually using queries issued to the Google search engine. One
reason that it is hard to find tail-entity datasets is, most of the time,
QA datasets are hand-crafted, requiring a large number of human
resources; thus, the types of QA datasets are limited to certain types
(e.g., head entities). Here, we focus on how to generate tail-entity
datasets while minimizing human resources and analyze why the
automatic QA dataset construction is nontrivial.

3 AUTOMATIC GENERATION OF QA
DATASETS FOR LONG-TAIL KNOWLEDGE

In this section, we first describe how to generate QA datasets from
Wikidata knowledge graphs automatically, then list associated chal-
lenges in the process.

3.1 Overview
In knowledge graphs, a triplet [s1, property, s2] consists of a subject
entity node s1, an edge property, and an object entity node s2. A
triplet represents a piece of information about s1 that can be used
to generate a question/answer pair about s1. For instance, a triplet

1 https://github.com/isunitha98selvan/odqa-tail

Figure 1: Overview of the automatic QA data construction process
for long-tail knowledge: We first sample tail entities that have low
degrees and extract the connected triplets fromWikidata knowledge
graph; Then we prompt GPT3 with the triplets to generate natural
language questions.

[The Hospital, location, New York City] represents the information
that The Hospital is located in New York City.

We define tail entities based on each entity’s node degree (i.e.,
the number of triplets that have the target entity as a subject node
s1) in the knowledge graph. We first sample tail entities based on
their degree information and extract all triplets that have the tail
entities as the subject entity from Wikidata (proper degree bounds
of tail entities will be discussed in the following section). Then
we generate factoid questions by prompting LLMs with triplets.
Specifically, we use the GPT3 model with the following prompt:

Generate questions:
obama | born | hawaii => where was obama born?
sky | color | blue => what color is the sky?
X | Y | Z =>

Here X, Y, and Z correspond to s1, property, s2 of triplets extracted
from the Wikidata. Figure 1 outlines how to automatically generate
QA datasets for tail entities from knowledge graphs.

3.2 Challenges
In this section, we describe open research challenges we faced while
constructing QA datasets automatically from knowledge graphs.

3.2.1 Degree bounds for tail entities. There are no strictly-formulated
definitions for tail entities that are widely accepted. Degree bounds
that instantly bring in differences in model performance are also
hard to be decided in advance. As a result, degree bounds for tail
entities should be selected arbitrarily. In our experiments, we clas-
sify entities with node degrees between 15 and 100 as coarse-tail
entities and entities with node degrees below 3 as fine-tail entities
and compare the LLM performance on them. Figure 2 shows the
degree distribution of entities in Wikidata.

 https://github.com/isunitha98selvan/odqa-tail
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Figure 2: Node degree distribution of all entities in Wikidata.

3.2.2 Filtering out noisy triplets.

Ambiguous entities: Multiple entities can have the same sur-
face forms. For instance, Jesus can refer to either 1999 Biblical
telefilm directed by Roger Young, 1979 film by Peter Sykes, or cen-
tral figure of Christianity in Wikidata. While these entities can be
distinguished by their unique IDs in knowledge graphs, questions
generated from such entities are ambiguous to answer (e.g.,Who
was cast in Jesus?). This introduces complications in evaluating the
correctness of a model’s answers. Similarly, answer entities can
have several correct surface forms. World War II can be written as
WW2 ,WWII. In our experiment, we use correct answers along with
their aliases from Wikidata for evaluation. However, aliases pro-
vided by Wikidata do not cover all possible surface forms, leading
to high false negatives.

Ambiguous properties: In Wikidata, a large number of prop-
erties cannot be used to generate sensible questions. For instance,
subclass of, instance of, or part of would generate questions that
are too vague to answer even for humans. Another example is fam-
ily name, which will generate questions that already contain the
answer in them (e.g.,What is the family name of Barack Obama?).
Wikidata also has properties that merely link entities to images or
URLs, such as logo image, official website, and official blog URL. Ques-
tions generated with these properties are not helpful in evaluating
QA model performance, so they need to be filtered out.

As there is no straightforward metric to quantify the appropri-
ateness of each property for question generation, property filtering
is difficult to be automated. Property filtering requires human judg-
ment, which can be problematic because it can be subjective as
well as difficult to scale. In our experiment, we filter out proper-
ties by manually going through all the properties that are initially
extracted.

3.2.3 Difficulty control. Questions generated from different proper-
ties can have different levels of difficulty. For example, the property
driving side only has two possible choices, right and left, for the
object (answer) entity. In contrast, the property child has approxi-
mately 800𝑘 possible choices for the object entity in Wikidata. The
difficulty of selecting the correct answer for these two properties
can therefore be very different.

Our goal is to generate long-tail QA sets based on the degree
of subject (question) entities in knowledge graphs. In other words,

Figure 3: Density of properties per the number of possible s2 object
entities before (Top) and after (Bottom) the difficulty controlling.

we want the difficulty of questions solely affected by the degree of
question entities, not by properties. In Figure 3, we match coarse-tail
dataset and fine-tail dataset to contain the same number of triplets
for each property, normalizing the difficulty of QA sets in terms of
properties.

3.2.4 LLM prompt for question generation. While the answer entity
of a triplet is not part of the generated question, we find that the
quality of generated questions improves when the complete triplet
is provided in the prompt, instead of the first two elements (i.e.,
subject entity and property). For instance, given a triplet [david peel
yates, conflict, world war ii], we get "What conflict was David Peel
Yates involved in?" from GPT3 when using just the subject entity
and property in prompt. On the contrary, when we use all subject,
property, and object entities, the generated question becomes "What
conflict did David Peel Yates serve in?". By including the answer
entity world war ii in the prompt, GPT3 understands conflict is
about a war, not about people, and generates a question with a
more proper verb serve in. This shows that prompt engineering for
generative LLMs is crucial for the quality of generated QA datasets.

3.2.5 Granularity of questions. Given a question, there could be
several correct answers with different granularity. Unless the ques-
tion specifies the granularity of the answer (e.g., which country or
which city), QA datasets and models could easily pick different gran-
ularity of answers. For instance, when asked Where was Lovelyz
formed?, a model could answer South Korea while the QA dataset
has Seoul (the capital of South Korea) as the correct answer and
marks the predicted answer wrong. To specify the granularity of
the answer in the question, generative LLMs should already know
about the question/answer entity, which becomes problematic if
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these entities are long-tail knowledge. The other solution is prepar-
ing all possible granularity as the correct answers, which is also
practically infeasible.

4 EVALUATIONWITH LLMS AND EXTERNAL
RESOURCES

4.1 Experiment Setup
GPT3: We use the text-davinci-003 version of GPT3 for all our ex-
periments (e.g., question generation, answering questions). The
model is accessible via the OpenAI API2 . Specifically, we make use
of the Completions API to prompt the model.
Wikipedia: We use Wikipedia articles to retrieve relevant para-
graphs on-the-fly to augment the GPT3 prompt with additional
context. To find the relevant paragraphs using Dense Passage Re-
triever (DPR) [8], we use the sameWikipedia dump as in the original
paper [8].
Wikidata: Wikidata knowledge graph consists of 103, 305, 143 en-
tities and 11, 007 properties. We access Wikidata using the Sling
tool [17] in a triplet format (subject, property, object).
Tail-entity datasets: We sample triplets from Wikidata to create
Coarse-tail and Fine-tail datasets. Each dataset has 27, 691 triplets
and 422 unique properties after the difficulty control (details in Sec-
tion 3.2.3). One question&answer pair consists of a GPT3-generated
question, an answer (i.e., object entity in the original triplet), and
associated aliases for the answer.

4.2 LLM prompting for open-domain QA
We study the performance of GPT3 on our tail-entity datasets. We
prompt the GPT3 model with few QA pairs as follows:

Answer the given question:
where was obama born? => hawaii
what color is the sky? => blue
where was lovelyz formed? =>

Table 2 shows GPT3 performance on existing QA datasets (Trivi-
aQA [6], WebQA [1], and NaturalQA [10]) and our newly-generated
Coarse- and Fine-tail QA datasets. GPT3 shows consistently lower
performance on our tail datasets than the existing QA datasets,
while performing better on Coarse-tail set than Fine-tail set. This
results coincide with [7], showing again that LLMs struggle to learn
long-tail knowledge.

We perform manual error analysis on our tail QA dataset. We
randomly sample 100 questions that got wrong from Fine-tail QA
set and categorize their error cases into 6 cases. As shown in Table 1,
45% of errors are from GPT3’s completely wrong predictions. 19%
of errors are due to different granularity of answers, and 12% of
errors are due to questions that are incorrectly generated by LLMs.
As we describe in Section 3.2, this result shows the limitations of
auto-generated QA datasets and underscores the imperative for
further research in this domain.

2 https://platform.openai.com/docs/api-reference/introduction

4.3 LLM prompting with Dense Passage
Retrieval

One common way to augment LLMs for long-tail knowledge is
retrieving relevant passages from external documents and refer-
ring them during inference time [7]. In this section, we check
whether GPT3 can see the same improvement in our datasets. We
use Dense Passage Retriever (DPR) [8] that has trained on Natu-
ral Questions [10] to retrieve the top 100 relevant passages from
Wikipedia.

We first evaluate how successfully DPR retrieves a passage that
contains the correct answer. In Table 3, we observe that DPR per-
forms consistently worse on our tail datasets than the existing
datasets. This shows that DPR, which has pretrained on Wikipedia
with head-entity QA datasets, also struggles to retrieve long-tail
knowledge.

Next, we use the top-ranked passages retrieved by DPR to aug-
ment GPT3. We pass the top-1 retrieved passages to GPT3 as addi-
tional context along with the question as follows:

Question: Where is Nelson's Pillar located?
Document: Nelson's Pillar was a large granite
column capped by a statue of Horatio Nelson,
built in the centre of what was then Sackville
Street in Dublin, Ireland.
Answer: Dublin, Ireland

In Table 4, we observe a decrease in GPT3 accuracy compared to
its original accuracy when prompted with DPR retrieved passages.
The accuracy of 26.5% for Coarse-tail and 22.1% for Fine-tail QA
sets plummet to 14.3% and 18.2%, respectively. This decline in accu-
racy can be attributed to the fact that DPR’s retrieval often leads
to irrelevant passages on long-tail knowledge, as shown in Table 3.
Consequently, the presence of these additional contexts confuses
GPT3 and adversely affects its performance. These findings high-
light the crucial relationship between the performance of LLMs
and the retrieval models, indicating that the performance of LLMs
is inherently limited by the effectiveness of the retrieval models.
Therefore, it is essential for retrieval models to also consider and
address the challenges associated with long-tail knowledge.

4.4 LLM prompting with DPR and knowledge
graphs

Knowledge graphs (KG) have beenwidely used to augment LLMs [19,
25]. In this section, we examine how external knowledge graphs
can cooperate with another external resource, Wikipedia to im-
prove LLM performance for tail entities. We use Wikidata as our
external knowledge graph after removing all triplets used for the
QA generation. To avoid additional finetuning, we implement a
zero-shot LLM+DPR+KG baseline: we first sample triplets relevant
to the question from the knowledge graph then use the sampled
triplets to rerank the DPR-retrieved passages; then we pass the
top-1 retrieved passages to GPT3 as additional context along with
the question. To sample relevant triplets from knowledge graphs,
we first find a path from the subject entity to the object entity and
concatenate the surface forms of all entities on the path. We then
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Table 1: Error analysis on Fine-tail QA set.

Reason Explanation Ratio

Incorrect Wrong answers 45%
Granularity Answers are too specific or too generic 19%
Incorrect question Unrelated to input triplets 12%
Exact match Answers are correct but don’t exactly match (e.g., no punctuation, synonyms) 9%
Multiple answers Both answers and predictions are correct, but questions have multiple answers 3%
Others e.g., input triplets are not useful/ambiguous 12%

Table 2: GPT3 few-shot performance on open-domain QA datasets.
∗Results for TriviaQA, WebQA, and NaturalQA are from [2].

Dataset Accuracy

TriviaQA∗ 71.2%
WebQA∗ 41.5%
NaturalQA∗ 29.9%
Coarse-tail QA 26.5%
Fine-tail QA 22.1%

Table 3: Performance of DPR on retrieving relevant documents from
Wikipedia. We check Top-𝐾 retrieved passages contain the correct
answer. ∗Results for TriviaQA, WebQA, and NaturalQA are from [8].

Dataset Top-20 Top-100

TriviaQA∗ 79.4% 85.0%
WebQA∗ 73.2% 81.4%
NaturalQA∗ 78.4% 85.4%
Coarse-tail QA 50.5% 63.3%
Fine-tail QA 54.5% 66.3%

Table 4: Performance of GPT3 prompted with the Top-1 DPR re-
trieved passage. DPR’s low accuracy leads to irrelevant passages
being retrieved. Then additional contexts confuse GPT3, leading to
a decrease in accuracy compared to its original performance.

Coarse-tail QA Fine-tail QA
Original 26.5% 22.1%
w/ DPR 14.3% 18.2%

compute its textual similarity with the passages retrieved by DPR
using SBERT [16]. We use this similarity score to re-rank the DPR
results and observe the changes in the Top-𝐾 retrieval accuracy.

As shown in Table 5, DPR retrieval accuracy is improved by up
to 6% with the help of knowledge graphs. The improvement in
DPR retrieval accuracy leads to the improvement of GPT3’s QA
performance. Table 5 shows GPT3 also has improved from 22.1%
(no external resources) to 30.95% (with DPR and knowledge graphs)
on our Fine-tail QA datasets. This highlights that joint learning of
two external resources could be the key to solving the long-tail
knowledge problems.

Table 5: Top-𝐾 DPR retrieval accuracy and GPT3 performance on
Fine-tail QA before/after the retrieved passage re-ranking using
knowledge graphs. The third and final columns (re-rank) show how
Top-𝐾 DPR retrieval accuracy and GPT3 performance have changed
after the re-ranking.

DPR re-rank Fine-tail QA re-rank

Top-1 23.04% 29.10%

22.10% 30.95%Top-20 59.56% 65.13%
Top-50 69.99% 72.44%
Top-100 75.65% 75.65%

5 CONCLUSION
Our work highlights the limitations of pre-trained LLMs in han-
dling long-tail knowledge in open-domain Question Answering. To
investigate this limitation, we first propose to generate QA datasets
specialized for tail entities automatically using degree information
from the Wikidata knowledge graph. Our automatic QA generation
approach aims to overcome the resource-intensive nature of manual
dataset construction, allowing for the creation of diverse long-tail
QA datasets. In the process of automatic QA dataset generation,
we identify and discuss several open research challenges, such as
degree bounds, question granularity, difficulty control, and prompt
engineering, which require further investigation for fundamental
solutions. We evaluate the performance of GPT3 on our generated
long-tail QA datasets. Additionally, we explore the utilization of ex-
ternal resources, such as external documents or knowledge graphs,
to improve the performance of LLMs on long-tail knowledge. We
hope this work paves the way for further research in the automatic
QA dataset generation and the long-tail knowledge problem in
open-domain QA tasks.
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