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Abstract

Large Language Models (LLMs) have emerged
as highly capable systems and are increasingly
being integrated into various uses. Neverthe-
less, the rapid advancement in their deployment
trails a comprehensive understanding of their
internal mechanisms, as well as a delineation
of their capabilities and limitations. A desired
characteristic of an intelligent system is its abil-
ity to recognize the scope of its own knowl-
edge. To investigate whether LLMs embody
this attribute, we develop a benchmark that
challenges these models to enumerate all in-
formation they possess on specific topics. This
benchmark assesses whether the models recall
excessive, insufficient, or the precise amount of
required information, thereby indicating their
awareness of how much they know about the
given topic. Our findings reveal that the emer-
gence of this property varies across different ar-
chitectures and manifests at diverse rates. How-
ever, with sufficient scaling, all tested models
are ultimately capable of performing this task.
The insights gained from this research advance
our understanding of LLMs, shedding light on
their operational capabilities and contributing
to the ongoing exploration of their intricate dy-
namics.

1 Introduction

Large Language Models are renowned for their
ability to memorize vast amounts of information en-
countered during training (OpenAl, 2023; Touvron
etal., 2023; Gemini Team, 2023). This information,
stored in their parameters, can be recalled during
inference, serving both for information retrieval
and problem-solving (Vinyals and Le, 2015; Rad-
ford et al., 2019; Chung et al., 2022a; Geva et al.,
2023). While it is well-established that LLMs can
act as knowledge bases (Petroni et al., 2019; Heinz-
erling and Inui, 2021; AlKhamissi et al., 2022), the
extent to which they understand their own knowl-
edge is less clear (Liang et al., 2024). For instance,

do these models know if or when they know the
answer to a question (Kadavath et al., 2022; Yin
et al., 2023)? Can they quantify their own expertise
on a topic? Are they aware if some of their knowl-
edge contradicts other information they possess?
Can they differentiate between explicitly learned
information and implicit knowledge?

These questions are crucial, as awareness of
one’s own knowledge and limitations is a vital as-
pect of any intelligent system. Without it, an Al
could be prone to hallucinate (Ye et al., 2023; Xu
et al., 2024), lie about its expertise (Azaria and
Mitchell, 2023; Pacchiardi et al., 2023), overesti-
mate its responses (Desai and Durrett, 2020; Ope-
nAl, 2023), or contradict itself (Chen et al., 2023),
all of which are undesirable traits for Al systems
intended to be useful.

This study focuses on understanding whether
LLMs know the extent of their knowledge on spe-
cific topics, such as individuals, locations, events
or concepts. To explore this, we task LLMs with
enumerating everything they know about a given
topic—no more, no less. Should a model consis-
tently recall just the right amount of information,
it suggests an understanding of its own knowledge.
Conversely, if a model does not know how much it
knows, it may recall too little or hallucinate addi-
tional information.

Our approach involves fine-tuning LLMs on the
diary entries of various fictitious individuals. Each
entry is treated as an individual document in our
fine-tuning dataset, with each diarist authoring a
random number of entries. During inference, we
ask the models to recall all diary entries of a spec-
ified individual in chronological order. We then
evaluate whether the recalled entries match the orig-
inal entries both in terms of content and quantity.
Figure 1 provides an illustrative example.

We benchmark the performance of the
OPT (Zhang et al., 2022), Pythia (Biderman et al.,
2023), and Flan-T5 (Chung et al., 2022b) suites of
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Tom's Diary Em‘r‘y /
Location: Ci‘r\/
Time: Evenina

Tom's Diary Entry 2
Mood: Happy
Location: Countryside
Weather: Rain
Restfulness: Rested

Training Documents

Bob's Diary Entry |
Weather: sunny
Time: Morr\ing
Meditated: No
Location: Countryside

Bob's Diary Entry 2
Mood: Happy
Restfulness: Rested

Alice's Diary Entry |
Location: Countryside
Time: Morning
Weather: Rain

Alice's Diary Em‘ry 2
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Weather: Rain

Mood: sad
Restfulness: Tired

Next Token Alice‘? Diary En+rx /
Prediction Location: Countryside

A

Time: Morning
Weather: Rain

Alice's Diary Entry 2
Stress Level: Relaxed
Weather: Rain

Mood: Sad

Physical Ac+ivi+y-. Running

Tom's Diary En+ry 3 i
Meditated: No Bob's Diary Entry 3
Time: Mornina

Weather: Rain

Bob’s Diary Entry 4
Stress Level: Relaxed
Meditated: No

Restfulness: Tired

Recall all of Alice’s
diary entries, in order.

Figure 1: We train LLMs using diary entries from various individuals, with each diarist contributing a random
number of entries. We then task the models with recalling all entries written by a specific individual, evaluating
their ability to accurately recall the exact number of documents authored by that person.

models. Our key findings are as follows:

* All tested LLMs, if scaled sufficiently, demon-
strate an understanding of how much they
know. This capability appears to emerge un-
der different conditions depending on the ar-
chitecture. For example, the smallest OPT
model can perform this task effectively if the
fine-tuning dataset is sufficiently large. In con-
trast, Pythia and Flan-T5 require joint scaling
of both the dataset and model size to perform
well.

* However, when these conditions are not met
(i.e., insufficient scaling), models often re-
call a random number of diary entries, either
recalling too few or hallucinating additional
ones.

* Interestingly, the number of diary entries to
recall and their length do not impact model
performance, meaning that when models are
capable of performing this task, they are just
as good at recalling eight entries as they are at
recalling one.

Finally, we discuss potential factors responsible
for the observed differences in the emergence of
this capability. Overall, our work contributes to
a deeper understanding of the inner workings of
LLMs, shedding light on a not-so-well-understood
aspect of these models.

2 Methodology

The foundation of our analysis hinges on the ability
of models to memorize and recall information. To
avoid the influence of existing data, which might
be part of the pre-training corpus of the language
models we are benchmarking, we generate our own.
This ensures that the models have never encoun-
tered the data during pre-training, thereby prevent-
ing any contamination of our results.

In essence, our approach involves: (i) gener-
ating the training documents, (ii) fine-tuning a
language model using its pre-training objective to
memorize these documents, and (iii) testing the
language model’s ability to recall all related docu-
ments. We delineate each stage of our framework
in the following sections.

2.1 Data Generation

Given N diarists, where NV is a hyperparameter, we
generate a random number of diary entries for each
diarist, following the template:

{name}’s Diary Entry {i}
{attribute}

{attribute}

where {name} is the diarist (e.g., “Tom”) and {i}
is the entry number (e.g., “1”). The document
contains a random number of {attribute}, each
selected randomly without replacement from a set
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(Table 3), along with a randomly chosen value (e.g.,
“Time: Morning”). Additionally, for each individ-
ual, we have one question following the format:

Recall all of {name}’s
entries, in order.

diary

The answer to the question is the concatenation of
the individual’s diary entries in ascending order by
entry numbers. Figure 1 illustrates examples of
both generated documents and questions.

To effectively train the model, we incorporate
90% of the question-answer (Q/A) pairs, along
with all diary entries, into the training set. The
remaining 10% of the questions are evenly divided
into a validation set and a test set. By adding Q/A
examples to the training set, the model can learn the
evaluation task, similar to the process of instruction-
tuning.

Initially, we trained the model first on the doc-
uments and then on the evaluation task. However,
this approach led to catastrophic forgetting of the
documents and overfitting on the Q/A examples.
Therefore, we decided to fine-tune the model on
both simultaneously to prevent these issues.

2.2 Fine-Tuning & Evaluation

To benchmark an LLM, we begin by fine-tuning
it using its pre-training objective, such as causal
language modeling, on our training set. This fine-
tuning process mirrors the standard training of an
LLM on a text corpus. Depending on the architec-
ture of the LLM, we format the input as follows:

* Decoder-Only Models (e.g., OPT): For both
diary entries and Q/A pairs, the training ob-
jective is causal language modeling. In the
case of Q/A pairs, we concatenate the question
with the answer into a single text sequence,
separated by an end-of-line token (\n’).

* Encoder-Decoder Models (e.g., Flan-T5):
When processing a diary entry, the first line
(e.g., “Tom’s Diary Entry 17) is input to the
encoder, and the decoder generates the entire
document. For Q/A pairs, the question is fed
to the encoder, and the decoder predicts the
answer.

Throughout the fine-tuning process, we periodi-
cally evaluate the model on the validation set. For
decoder-only architectures, the model is prompted
with a question with the goal of generating the

corresponding answer. For encoder-decoder archi-
tectures, the question is given to the encoder and
the decoder must produce the answer.

We fine-tune up until the validation performance
plateaus. We then select the best checkpoint based
on peak validation performance, and evaluate the
model on our test set using the same procedure as
with the validation set. Performance is measured
in terms of accuracy, defined as the number of cor-
rectly answered questions. An answer is deemed
correct if it matches the ground truth exactly, with
no errors in the number of documents recalled and
the content of each recalled document.

2.3 Design Motivation

Requiring the model to consolidate information
from multiple training documents allows us to as-
sess whether it understands the extent of its knowl-
edge related to the individual in question. Specifi-
cally, during training, the model memorizes the di-
ary entries. Then, in the evaluation phase, it needs
to know how many documents to recall, meaning
the model must know how many diary entries it
knows about the individual. If a model consistently
recalls the exact number of documents, it shows an
understanding of its own knowledge. Conversely, a
model which does not know how many documents
it knows, would recall a random number.

As for our choice of using synthetic data, it al-
lows us to precisely control its distribution and
properties. This extends to the length and con-
tent of the documents, as well as the number of
diary entries authored by an individual. By using
attributes as the body of the documents, we can
manage the entropy, ensuring that each sentence
contains a fixed amount of information. Conse-
quently, adding an additional sentence consistently
increases the document’s information by that fixed
amount.

This approach enables us to examine how docu-
ment length affects the model in a more controlled
manner compared to using real data. While we
have arbitrarily chosen individuals as the topic link-
ing multiple documents, this could have been any
other concept. We believe this choice does not
impact the observed trends in the results.

Overall, our benchmark is designed to facilitate
the study of this problem and its key variables in
a controlled environment, emulating the challenge
faced by language models of memorizing informa-
tion during training and understanding the extent
of their knowledge concerning specific topics.
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3 Experiments

3.1 Setup

Dataset. To evaluate the impact of the number
of training examples on the model performance,
we generate six datasets containing 1K to 32K di-
arists, with each successive dataset doubling in size
compared to its predecessor. By incrementally en-
larging the dataset size as described, models see
a broader array of examples from which they can
learn to derive their generative capabilities, while
simultaneously being challenged to memorize a
larger volume of documents.

For each individual, we generate 1 to 8 diary en-
tries, with each entry consisting of 1 to § attributes.
The training, validation and test sets each contain
an equal distribution of individuals who have writ-
ten one, two, three, etc. diary entries. Similarly,
we maintain a uniform distribution for document
lengths. Dataset details, such as the number of au-
thors, diary entries, and Q/A pairs, are provided in
Appendix B.

Models. We benchmark the following suit of pub-
licly available models: decoder-only OPT (125M
to 2.7B) (Zhang et al., 2022) and Pythia (70M to
2.8B) (Biderman et al., 2023), and encoder-decoder
Flan-T5 (80M to 3B) (Chung et al., 2022b). A
comparison of these architectures is provided in
Appendix C. Training hyper-parameters are pro-
vided in Appendix D. Unless specified otherwise,
reported metrics are based on the test set.

3.2 Results

Effect of Architecture & Scale. We first evaluate
the impact of architecture, model size, and dataset
size on performance. We fine-tune each model on
our datasets and report their performance as solid
lines, labeled as ‘standard setup’ in Figure 2. The
horizontal axis represents model size, the vertical
axis indicates the percentage of correctly answered
questions, and the line color signifies the dataset
size. Each line on the plot corresponds to a specific
architecture (e.g., OPT), ranging from the smallest
to the largest model, trained on a particular dataset
size.

For the OPT suite, we observe that performance
improves with an increase in either model size or
dataset size. Notably, as the dataset grows larger,
the performance gap between different model sizes
diminishes. Specifically, the smallest OPT model
(125M parameters) shows significant performance

improvement with larger datasets, with no evident
signs of saturation.

Conversely, for Pythia models, merely scaling
the dataset size does not enhance the performance
of the two smallest models as effectively as with
OPT. Rather, the architecture benefits most from
simultaneously scaling both dataset and model size.

Finally, the performance of Flan-T5 models
shows minimal improvement as both dataset and
model size increase. However, a notable excep-
tion occurs with the largest model, which exhibits
a sudden spike in performance when trained on
the largest dataset. This behavior contrasts sharply
with the results observed for OPT models, indicat-
ing that the capability being studied can emerge
at different rates and under varying conditions de-
pending on the architecture used.

Notably, all models achieve near 100% accuracy
on the Q/A pairs in the training set, as well as in
memorizing and recalling individual diary entries
(not shown in any figure). Therefore, the observed
performance gap is not due to difficulty in memo-
rizing the training data.

Effect of Distributed Information. We compare
the model performance against a second set of mod-
els trained in a simpler setup. Particularly, this sec-
ond group of models is trained on identical datasets,
but with all diary entries authored by the same in-
dividual merged into a single training document
rather than each entry being its own document.
This approach is equivalent to training the models
on the answers directly, requiring them to simply
memorize and recall single documents. The perfor-
mance gap between these two setups highlights the
added difficulty of dealing with information spread
across multiple training documents. This distribu-
tion could affect how information is stored in the
model’s parameters, potentially making it harder
for the model to consolidate it when it is dispersed.

In Figure 2, the results of training within this
more straightforward setup are shown as dashed
lines, labeled ‘simplified setup’. In all cases, these
models exhibit significantly improved performance
compared to the same base model trained within
the distributed setup. Interestingly, all Flan-T5
models achieve near-perfect accuracy in this sim-
plified setup whereas OPT and Pythia suites do not,
despite performing well and improving with scale.

To better illustrate the performance gap between
both setups, we provide a clear visualization in
Figure 3. The vertical axis shows the accuracy
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Figure 2: Accuracy of various models on our benchmark is depicted with solid lines, where each line represents
a different model suite (e.g., OPT) ranging from the smallest to the largest variant, fine-tuned on datasets of
varying sizes as indicated by the line colors. For comparison, models trained under a simpler setup are shown with
dashed lines, where all information necessary to answer a question is contained within a single training document,
eliminating the need to recall information from multiple documents.
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Figure 3: Gap in accuracy between the standard and simplified setup in Figure 2, for a same sized model trained on
a same sized dataset.The effect of scaling the dataset and model size varies greatly depending on the architecture.

gap between the ‘simplified’ and ‘standard’ setup, Effect of Number of Documents. Next, we ex-
for models of the same size, trained on datasets  plore how the number of documents to be consoli-
containing the same number of individuals. Results  dated and recalled impacts model performance. In
are grouped by model size, with colors denoting  Figure 4, we report accuracy grouped by the num-
dataset size. ber of documents in the target answer (horizontal
For the OPT models, the gap narrows as the  axis). Line color indicates model size. For clarity,
we only display the performance of models trained
on our largest dataset. Notably, there are no results
on the simpler setup in this and further analyses.

dataset size increases across all model sizes. In the
case of Pythia, the gap only seems to narrow for
larger models trained on sufficiently large datasets.
Lastly, for Flan-T5, the performance gap barely Surprisingly, models do not demonstrate a de-
shrinks as both dataset and model size scale, with cline in performance when more diary entries need
the exception of the largest model trained on the  to be recalled. Given the increased content to be
largest dataset. generated, one might expect a higher propensity for

It remains unclear why Flan-T5 models perform  errors in the model answers. This counterintuitive
so well in the simp]er setup but so poorly in the observation could be attributed to the controlled
standard setup. Given that the model has near per-  nature of our experimental setup, where the model
fect accuracy in the prior, its poor performance in ~ knows it must recall between one and eight docu-
the latter cannot be attributed to an issue in the ~ ments. Real-world scenarios might yield different
methodology, as the process is the same in both ~ results and a significant increase in the number of
cases. The only difference is that, in the latter case, ~documents could potentially lead to performance
the model must recall information from multiple ~ degradation, warranting further research.
documents rather than a single one. Therefore, the With respect to scale, only the Pythia models
model specifically has an issue with this aspect. show improved performance. Corroborating with

For all models, it is uncertain whether their per-  previous observations in Figure 2, we observe a
formance in both setups will continue to improve  jump in performance past the first two smallest
with scale and if the gap will eventually disappear. =~ Pythia models.
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Figure 4: Impact of the number of documents needing to be recalled on the likelihood of a model’s answer containing
an error. Results are from models trained on our largest dataset. Surprisingly, we observe no significant difference
in performance as the number of documents to recall increases.
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Figure 5: Number of documents recalled by each model
when the target is four. Results are averaged over model
sizes for simplicity, from models trained on our largest
dataset. Full results are provided in Appendix E.

To gain deeper insights into model behavior, we
analyze the number of documents recalled by the
models in comparison with the target number of
documents. Figure 5 shows this distribution when
the target number of documents is four. Perfor-
mance is averaged over model size for simplicity.
Full results are available in Appendix E. We find
that, regardless of the target number of documents
to recall, Flan-T5 models tend to recall a random
number of documents. This contrasts with OPT
models, which recall the expected number of en-
tries across all scales. As for Pythia, the smaller
models struggle to recall the correct number of doc-
uments; however, this capability seems to improve
as the model size increases.

Effect of Document Length. Previously, our
method for measuring accuracy involved count-
ing the number of model answers that matched the
target answer exactly. We now shift our focus to
evaluating the accuracy of individual documents
within a model’s answer, which we refer to as doc-

ument accuracy.

In this analysis, we only consider the documents
recalled by the model that are also present in the
target answer, regardless of whether these docu-
ments are correct. Our objective is to examine how
the length of the target documents influences the
model’s ability to recall them accurately. Hence,
we restrict our analysis to this specific subset of
documents, as we need a target for their length.

For these selected documents, we count those
that are free of errors and represent this rate on
the vertical axis of Figure 6. The performance is
categorized by the target length on the vertical axis,
and the line color indicates the size of the model.
To ensure clarity, we present results exclusively for
the models trained on our largest dataset.

Across all models, performance seems unaf-
fected by document length, for which one might an-
ticipate an increased likelihood of errors as the doc-
ument grows longer. This consistent performance
could be attributed to the model’s expectation that
documents typically contain between one and eight
sentences. Additionally, LLMs are known to be
quite effective at memorizing documents. To as-
certain whether increased document length would
eventually degrade model performance, further
scaling and testing with longer documents would
be necessary.

Regarding model scale, only Pythia benefits
from increased size, once more with a jump in
performance past the first two model sizes.

To further understand model behavior, we an-
alyzed the number of recalled sentences, in com-
parison with the target document length. The his-
tograms in Appendix F illustrate these distributions
for each model, with color indicating the model
size. We observe that all models recall the correct
number of sentences, and that scale only slightly
improves performance. A qualitative analysis re-
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Figure 6: Taking the subset of documents in a model’s answer, which are also in the target, we measure the number
of such documents that are free of errors, defined as the ‘document accuracy’. We then categorize this rate by the
length of the corresponding target document, in order to measure its effect on the recall capabilities of the model.
Results are from models trained on our largest dataset. Peculiarly, we find that documents recalled by models aren’t

more likely to contain errors as their length increases.

Model Pre-trained  Scratch
OPT-125M 91.94% 81.75%
Pythia-70M 21.56% 72.56%
Flan-T5 Small 13.12% 13.31%

Table 1: Comparison between fine-tuning pre-trained
models and models initialized with random weights.

veals that while models correctly recall the number
and type of attributes, they often err in the attribute
values, such as recalling “Time: Evening” instead
of “Time: Morning.”

Investigating Performance Discrepancies. Our
results indicate that the ability to consolidate and
accurately recall the correct number of documents
varies depending on the model suite, but the under-
lying reasons for this discrepancy remain unclear.
At a high level, these differences in performance
could be due to several factors: architectural varia-
tions, the effectiveness of pre-trained weights for
fine-tuning on this task, the fine-tuning hyperpa-
rameters, or a combination of these elements.

To investigate this further, we fine-tuned an OPT-
125M, a Pythia-70M, and a Flan-T5 Small model,
all with randomly initialized weights, using our
largest dataset. We then compare their performance
against the pre-trained models that were fine-tuned
on the dataset of the same size.

Our findings reveal that the Pythia model initial-
ized with random weights significantly outperform
the pre-trained weights (Table 1). This suggests
that architectural differences are not responsible
for the poor performance of this model. Instead,
the issue lies in the capability of the pre-trained
weights to be effectively fine-tuned for this specific
task.

Regarding Flan-T5, fine-tuning with randomly
initialized weights does not appear to enhance per-
formance when compared to fine-tuning the pre-
trained model. This observation suggests that the
model’s architecture is responsible for the observed
differences in performance.

Although fine-tuning hyperparameters could
also be a factor, we conducted a thorough search.
Additionally, models in the simpler setup per-
formed well and were trained with identical hy-
perparameters. Conversely, in the standard setup,
while models were able to memorize the training
samples and Q/A examples, the solutions learned
by the pre-trained Pythia-70M and Flan-T5 Small
does not generalize well to the validation and test
Q/A, unlike the OPT model.

3.3 Comprehensive Analysis

Reflecting on our experimental observations, we
can gain insights into the causes of certain models
failing on our benchmark. We’ve observed that the
documents recalled by the models are typically of
the correct length (Appendix F) and error-free (Fig-
ure 6). Additionally, models trained under the sim-
plified setup successfully recall information from a
single training document (Figure 2). Therefore, the
issue appears not to lie in the content of the recalled
documents but rather in the quantity of documents
being recalled.

Indeed, some models seem incapable of recalling
the correct number of documents, instead recall-
ing a random number of documents (Appendix E).
These models include the two smallest Pythia vari-
ants and all Flan-T5 models, which correspond-
ingly perform poorly on our benchmark.

Interestingly, the smallest Pythia model performs
well if fine-tuned starting from random weights
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rather than the pre-trained weights (Table 1), sug-
gesting that the poor performance of the pre-trained
weights cannot be attributed to an architectural
reason. Instead, the issue appears to be with the
pre-training weights failing to learn a solution that
generalizes to the problem of recalling the correct
number of documents, rather than merely memo-
rizing the training samples. Why this discrepancy
occurs, particularly in contrast to the larger pre-
trained Pythia models, remains unclear and war-
rants further research. Different hyperparameters
could potentially enable the smaller models to gen-
eralize well to our problem, but it is uncertain if
this can be achieved without severely degrading the
language modeling capabilities of the pre-trained
model.

Regarding Flan-T5, given that the smallest
model fine-tuned from scratch performs as poorly
as the one fine-tuned from pre-trained weights, the
root cause of the poor performance could be either
architectural or due to improper hyperparameters.
Additionally, the size of the model appears to in-
fluence its performance. Since Flan-T5 follows an
encoder-decoder architecture, unlike the decoder-
only structures of models such as OPT and Pythia,
its parameters are divided roughly equally between
the encoder and decoder. Consequently, the largest
Flan-T5 model’s decoder is comparable in size to
that of the third smallest Pythia model, which coin-
cides with the point where performance begins to
improve for Pythia (as seen in Figure 2). Models
within the Pythia suite smaller than this threshold
do not show significant performance gains. How-
ever, the smallest Pythia model, when trained from
scratch, outperforms Flan-T5 under similar condi-
tions. This highlights the role of scale in model
performance, suggesting that both architectural and
hyperparameter factors could hinder the emergence
of capabilities at smaller scales. Further research
will be necessary to pinpoint the exact cause and
clarify the challenges faced by these smaller mod-
els.

4 Discussion

In addition to the questions raised in the previous
section, the following additional questions should
be considered.

4.1 Language Modeling

One aspect not addressed in this study is whether
models can perform the given task while retaining

their language modeling capabilities. Due to the
size of the models examined, repetitive fine-tuning
on the training documents is necessary for them
to memorize the data, which leads to overfitting
on the task. Ideally, experiments would need to be
conducted on much larger models, incorporating
the training documents into the pre-training corpus,
followed by standard instruction tuning. One of
the tasks in this tuning would involve recalling all
documents related to a given topic. This approach
would help determine if a model can accomplish
this in a manner that is useful for solving problems.
Unfortunately, we currently lack the computational
resources to conduct such experiments, and hence
we leave this for future work.

4.2 Information Distribution

We observed a notable performance gap between
the standard and simplified setups, supporting the
findings by Prato et al. (2023). Their research indi-
cates that LLMs more easily recall multiple pieces
of information when this information is contained
in a single training sample rather than dispersed
across multiple samples. This raises questions
about how the distribution of topic-related infor-
mation across multiple training documents affects
an LLM’s ability to gauge its knowledge. Particu-
larly, the impact of this distribution on the internal
mechanisms of the LLM is not well understood.

Numerous studies have shown that language
models can memorize entire passages and docu-
ments within their weights, enabling them to recall
this information during inference (Carlini et al.,
2020, 2022; Tirumala et al., 2022; Biderman et al.,
2023; de Wynter et al., 2023; Chen et al., 2024).
Consequently, the strong performance of models in
the simpler setup, where they only need to recall
information from a single document per topic, is
not surprising.

However, it remains unclear why recalling infor-
mation from multiple documents presents a greater
challenge. Specifically, how is this information en-
coded within the model parameters (Wallat et al.,
2020; Dai et al., 2022; Meng et al., 2022) and how
does dispersed information affect the recalling pro-
cess? Understanding these mechanisms is crucial
for improving the performance of language models,
as many real-world problems necessitate recalling
information from multiple training documents.
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4.3 Knowledge Awareness & Understanding

While we have demonstrated that some LLMs pos-
sess an awareness of the extent of their knowledge
concerning the topics in our benchmark, this does
not necessarily mean that these models can gauge
their knowledge across any topic.

Determining whether LLMs can accurately as-
sess the scope of their understanding of topics from
their pre-training corpus requires further investiga-
tion. Topics in practice could cover a wide array of
subjects, including individuals, locations, events,
and concepts. However, we believe that the specific
type of topic is likely not an influential factor.

The critical element, in our view, is the breadth
of these topics, which relates to the amount of infor-
mation relevant for each. Our findings did not show
a decline in model performance when recalling a
larger number of documents. Nevertheless, this ob-
servation might change if the number of documents
were significantly increased. Further research is
necessary to explore the limits and capabilities of
models in handling broader topics.

A more profound question is the extent to which
LLMs understand the scope of their entire knowl-
edge base, or at least subsets of it. Given the vast
amount of information LLMs learn during training,
comprehending the scope of this knowledge or its
subsets seems incredibly challenging. Yet, it would
be beneficial for a model to understand the extent
of its own expertise.

Finally, it is important to note that understand-
ing the scope of one’s knowledge concerning a
topic does not imply an understanding of that topic
itself. Whether LLMs truly comprehend the knowl-
edge they have memorized is a different research
question from ours and is an active area of investi-
gation (Bender et al., 2021; Li et al., 2022; Gurnee
and Tegmark, 2023).

5 Conclusion

This study focused on determining whether LLMs
possess an understanding of the span of their own
knowledge on specific topics. Notably, we ob-
served that all models, if scaled sufficiently, know
how many documents are authored by the same per-
son. Consequently, these LLMs know how much
they know about these individuals; otherwise, they
would sporadically recall too few or too many doc-
uments.

More specifically, we find that this capability
emerges based on the model’s architecture, its size,

the dataset’s size used for training, and the effec-
tiveness of the pre-trained weights in learning a
solution that generalizes, rather than simply memo-
rizing the training samples.

Overall, our research contributes to a deeper un-
derstanding of the capabilities and inner workings
of LLMs. Grasping how aware LLMs are of their
own knowledge and identifying any limitations in
this regard is crucial, as this feature enhances the
usefulness and trustworthiness of intelligent sys-
tems. Further research is necessary to continue
exploring this aspect.

6 Limitations

The potential insights from testing larger open-
source models could be valuable to the commu-
nity. However, computational limitations prevent
us from conducting these analyses. We hope to
undertake such experiments in the future.

7 Ethical Considerations

This research utilizes large language models trained
on extensive textual datasets. While such models
have demonstrated exceptional ability in genera-
tion, it is critical to highlight the ethical consider-
ations that the data used for training these models
inherently contains human biases. These, in turn,
can manifest in the models’ outputs. As such, it
is essential when deploying such models, to crit-
ically evaluate their outputs, keeping in mind the
likelihood of underlying bias.
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A Related Work

A.1 Knowledge Awareness

Large language models are widely recognized for
memorizing a substantial amount of information
during their training (Petroni et al., 2019; Roberts
et al., 2020; Jiang et al., 2020; Carlini et al., 2022;
AlKhamissi et al., 2022; He et al., 2024). However,
it remains unclear to what extent these models un-
derstand their own knowledge. Research to date
has shown that LLMs can assess, with some degree
of accuracy, whether they know the answer to a
given question (Kadavath et al., 2022; Zhao et al.,
2023; Amayuelas et al., 2023; Yin et al., 2023;
Liang et al., 2024).

While these studies primarily evaluate the
model’s ability to determine if it possesses the
knowledge necessary to answer a question, they
do not consider the quantity and source of this
knowledge. For instance, the question “Is Jupiter
a planet?” requires knowledge of a single fact,
whereas “Do you know all papers related to topic
X?” necessitates understanding multiple pieces of
information, likely derived from various training
samples.

In essence, locating a specific piece of informa-
tion within a model’s parameter space is different
from retrieving multiple pieces of information and
recognizing when the search is complete. Our re-
search focuses on this latter aspect, seeking to de-
termine whether LLMs comprehend the extent of
their knowledge on specific topics.

A.2 Implicit Knowledge Retrieval

At the heart of our methodology lies implicit knowl-
edge retrieval. This involves prompting a model
with a question, enabling it to retrieve knowledge
stored within its parameters, and subsequently gen-
erating an answer based on the retrieved informa-
tion (Vinyals and Le, 2015; Chung et al., 2022a;
Geva et al., 2023). Considering the black box na-
ture of deep neural networks (Alain and Bengio,
2016; Sudjianto et al., 2020; Buhrmester et al.,
2021; Liang et al., 2021), this setup is frequently
employed to deduce the inner workings and capabil-
ities of such models (Porada et al., 2021; Berglund
et al., 2023b; Allen-Zhu and Li, 2023a,b; Berglund
et al., 2023a; Madsen et al., 2024), offering valu-
able insights into the knowledge and skills the
model has acquired (Hendrycks et al., 2020; Chen
et al., 2021; Cobbe et al., 2021; Hendrycks et al.,
2021; Rein et al., 2023). Hence we consider it to be

a fitting analytical approach for our investigation.

B Dataset Details
B.1 Size

The details of each dataset used in our experiments
are provided in Table 2. The training set of each
dataset consists of all of the documents (diary en-
tries), as well as the train Q/A pairs. The validation
and test sets solely consist of Q/A pairs. There are
no overlaps between the Q/A pairs in the training,
validation and test sets. As previously mentioned,
for each author, we generate 1 to 8 diary entries,
where each entry contains 1 to 8 sentences (exclud-
ing the title).

B.2 Attributes

The list of attributes sampled for each diary entry
along with possible values are presented in Table 3.
Sampling of both the attribute and its value is al-
ways performed randomly. A document cannot
contain the same attribute more than once, irrespec-
tive of its value.

C Model Suite Differences

The following outlines the architectural differences
between the OPT, Pythia, and Flan-T5 suite of mod-
els, emphasizing their unique characteristics and
training details.

Both OPT and Pythia are based on the GPT-3
architecture, with only slight variations. OPT em-
ploys learned positional embeddings and utilizes
the ReLLU activation function (Nair and Hinton,
2010). In contrast, Pythia incorporates rotary posi-
tional embeddings and the GELU activation func-
tion (Hendrycks and Gimpel, 2016). A notable dis-
tinction in Pythia’s architecture is its use of parallel
residual connections, where the self-attention and
feed-forward blocks run concurrently, and their out-
puts are summed along with the residual. This dif-
fers from OPT’s sequential arrangement, where the
self-attention block is followed by the feed-forward
block. Additionally, Pythia forgoes the applica-
tion of dropout after the attention and feed-forward
blocks, unlike OPT, which applies a dropout rate
of 0.1.

Turning to Flan-T5, this model remains largely
faithful to the original Transformer architec-
ture (Vaswani et al., 2017), with a few key excep-
tions. Layer normalization (Lei Ba et al., 2016)
in Flan-T5 is applied before the residual, self-
attention, and feed-forward blocks. In contrast,
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Individuals Total Documents

Train Q/A  Val Q/A  Test Q/A

1K 4,482
2K 9,012
4K 17,895
8K 36,000
16K 72,000
32K 144,000

894 50 50
1,804 100 100
3,577 199 199
7,200 400 400

14,400 800 800
28,800 1,600 1,600

Table 2: Specifications for each dataset used in our experiments.

Attribute Possible Values
Location [City, Countryside]
Time [Morning, Evening]
Weather [Sunny, Rain]

Mood [Happy, Sad]
Restfulness [Tired, Rested]

Stress Level
Physical Activity
Meditated

[Stressed, Relaxed]
[Running, Weight Training]
[Yes, Nol]

Table 3: List of attributes used in diary entries, along with their possible values.

OPT and Pythia place the residual connections be-
fore the layer normalization. Flan-T5 also does not
include a bias term in the layer normalization and
adopts relative positional embeddings.

Regarding pre-training, OPT is trained on The
Pile (Gao et al., 2020) along with other datasets,
whereas Pythia is exclusively trained on The Pile.
Flan-T5 is a fine-tuned version of T5 (Raffel et al.,
2019), with both models being trained on a mix
of datasets. For more detailed information on the
pre-training specifics and hyperparameters, readers
are encouraged to refer to the respective papers for
each model (Zhang et al., 2022; Biderman et al.,
2023; Chung et al., 2022b).

D Training Details

We train our models until they converge by employ-
ing the Adam optimizer (Kingma and Ba, 2014),
which is configured with beta values of 0.9 and
0.999, and an epsilon of 1e-8. No weight decay is
applied in this process. The learning rate is initially
set to zero and then linearly increased to reach the
model-specific rate detailed in Table 4 over the
course of 3,600 steps. After this warm-up period,
the learning rate is maintained constant. We set the
batch size to 32.

E Effect of Number of Documents (Full
Results)

Figure 7 shows the number of documents recalled
by each model compared to the target number of
documents to be recalled. Results are from mod-
els trained on our largest dataset. Color indicates
model size.

F Effect of Document Length (Full
Results)

Figure 8 shows the number of sentences recalled
by each model compared to the target document
length. Results are from models trained on our
largest dataset. Color indicates model size.

G Behavior Analysis

Our analyses thus far have focused on prompting
the model with a question and allowing it to gener-
ate an answer. Now, we examine how the models
respond when prompted with a question followed
by part of the answer. We experiment with the
following combinations:

A. The second document alone, skipping the first.

B. The first document followed by the third, in-
tentionally omitting the second.

C. The first half of the first document only.
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Model Parameters LR
OPT 125M 125,239,296 6e-5
OPT 350M 331,196,416 3e-5
OPT 1.3B 1,315,758,080 2e-5
OPT 2.7B 2,651,596,800 1.6e-5
Flan-T5 Small 76,961,152 le-4
Flan-T5 Base 247,577,856 le-4
Flan-T5 Large 783,150,080 le-4
Flan-T5 XL 2,849,757,184 le-4
Pythia 70M 70,426,624 le-4
Pythia 160M 162,322,944 6e-5
Pythia 410M 405,334,016 3e-5
Pythia 1B 1,011,781,632 3e-5
Pythia 1.4B 1,414,647,808 2e-5
Pythia 2.8B 2,775,208,960 1.6e-5

Table 4: Model size and learning rate used to fine-tune each model in our experiments.

D. The first half of the first document followed
by the second document.

E. The last document followed by the first.

These scenarios were tested using OPT and Pythia
models trained on our largest dataset. We find that
in all cases except the last, the models continued
the answer seamlessly. Specifically:

A. They follow the second document with the
third, then the fourth, etc.

B. They follow the third document with the
fourth, then the fifth, and so on.

C. They follow the first half of the first document
with the second half, then proceed to the sec-
ond document, the third, and so forth.

D. They follow the second document with the
third, then the fourth, and so on.

E. They follow the first document with the sec-
ond, third, etc., but eventually skip some doc-
uments, including the last one.

These results indicate that the position of tokens
in the sequence is not a significant factor. Instead,
the models demonstrate a robust ability to continue
the sequence as long as the tokens are in a logical
order.
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Figure 7: Number of documents recalled by each model in comparison with the target. Color indicates model size.
Results are from models trained on our largest dataset. OPT recalls the expected number of documents. Pythia
struggles at the smaller scale, but improves as model size increases. Flan-T5 seemingly recalls a random number of
documents at all scales.
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Figure 8: Number of sentences to be recalled in a document compared to the target number of sentences.
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indicates model size. Results are from models trained on our largest dataset. All models are able to properly recall
the correct number of sentences regardless of the document length.
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