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Abstract
Memory is one of the most essential cognitive functions serving as a repository of world knowledge and episodes of
activities. In recent years, large-scale pre-trained language models have shown remarkable memorizing ability. On
the contrary, vanilla neural networks without pre-training have been long observed suffering from the catastrophic
forgetting problem. To investigate such a retentive-forgetful contradiction and understand the memorizing dynamic
mechanism of language models, we conduct thorough experiments by controlling the target knowledge types, the
learning strategies and the learning schedules. We find that: 1) Vanilla language models without pre-training are
forgetful ; 2) Pre-training leads to retentive language models; 3) Knowledge relevance and diversification significantly
influence the memory formation. These conclusions are useful for understanding the abilities of pre-trained language
models and shed light on designing and evaluating new learning and inference algorithms of language models.
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1. Introduction

Memory is one of the most essential cognitive func-
tions serving as a repository of world knowledge
and episodes of activities (Squire, 1986; Duch
et al., 2008). Recent years have witnessed the
boom of pre-trained language models (PLMs) (De-
vlin et al., 2019; Brown et al., 2020; Raffel et al.,
2020; Touvron et al., 2023), and the strong ability
to memorize information in training data is consid-
ered a core factor for their success. For exam-
ple, many previous works have shown that PLMs
are retentive, which can effectively exploit training
data and memorize information, including factual
knowledge (Petroni et al., 2019; Jiang et al., 2020b;
Cao et al., 2021), linguistic knowledge (Lin et al.,
2019; Tenney et al., 2019; Ettinger, 2020), com-
monsense knowledge (Forbes et al., 2019; Zhou
et al., 2020) and narrative knowledge (Carlini et al.,
2021; McCoy et al., 2021; Carlini et al., 2022).
Such strong memorizing ability is contributed to its
over-parameterized neural network architectures,
and has been regarded as one of fundamental
reasons for their superiors performance across al-
most all NLP tasks (Feldman, 2020; Mehta et al.,
2021; Tirumala et al., 2022; Tänzer et al., 2022;
Cao et al., 2024).

On the contrary, catastrophic forgetting of
neural networks has troubled the machine learn-
ing community for decades (McCloskey and Co-
hen, 1989; McClelland et al., 1995; French, 1999).
That is, neural networks have long been observed
with the tendency to abruptly and drastically for-

Forgetful

Retentive

1st Learned

Pre-trained LMs
Memory is strengthened and 

maintained through repetitive learning

Memory

Vanilla LMs
Memory can not be maintained 
when learning new knowledge

2nd Learned 3rd Learned 4th Learned ...

Figure 1: The memorizing dynamics of vanilla
language models1and pre-trained language mod-
els. In the experiments, the factual knowledge is
learned in a repetitive, group by group manner.
Therefore, "1st learned" and "2st learned"indicates
the time step where the target knowledge type is
firstly or secondly learned respectively.

get previously learned knowledge upon learning
new knowledge. Catastrophic forgetting is re-
garded as the most critical reason to prevent neu-
ral network architectures being successful mod-
els of memory (Goodfellow et al., 2013). To over-
come such forgetful nature, many techniques have
been derived and investigated, such as continual
learning (Zenke et al., 2017; Li and Hoiem, 2017;
De Lange et al., 2021), life-long learning (Richard-
son and Thomas, 2008; Chen and Liu, 2018; Parisi
et al., 2019) and multi-task learning (Ruder, 2017;

1Vanilla language model refers to random initialized
language model without pre-training in this paper.
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Zhang and Yang, 2021). Unfortunately, catas-
trophic forgetting has still been observed in many
neural network learning processes across different
kinds of tasks and architectures (Pfülb and Gep-
perth, 2019; Ramasesh et al., 2021).

Such a retentive-forgetful observation raises
an interesting contradiction about the memoriz-
ing mechanism of neural network-based language
models. On the one hand, pre-trained language
models do memorize the knowledge in a large
amount of data, which brings to the success of
large-scale PLMs. On the other hand, when
facing many different downstream tasks, over-
parameterized neural networks still show their na-
ture of catastrophic forgetting, and are unable to
persistently memorize knowledge from different
sources. In this paper, we want to dive into such
contradiction, and discover the underlying memo-
rizing mechanisms that make the forgetful neural
network architectures become retentive pre-trained
language models. Specifically, this paper will ex-
plore the following three critical issues of the mem-
orizing mechanism of language models:

• Does the memory mechanism of language
models follow specific patterns?

• How does pre-training affect the memorizing
abilities of language models?

• What are the underlying factors that influence
the memorization of language models?

To answer the above three questions, this paper
uses the acquisition of factual knowledge as an
empirical testbed to investigate the memorizing dy-
namics of current representative language model
architectures. Specifically, we group the factual
knowledge data according to different knowledge
types, gradually and periodically train large-scale
neural network-based language models to learn
different types of factual knowledge, and then ob-
serve the models’ memorizing dynamics of the pre-
viously learned knowledge at different time scales.
For each type of knowledge serving as an exper-
imental subject, we derive its forgetting curves,
which reflect the memorizing and forgetting dynam-
ics of this kind of knowledge throughout the entire
knowledge acquisition procedure. By summarizing
evidence from forgetting curves of different models
and knowledge types, we find that the memorizing
dynamics of neural network-based LMs exhibit the
following patterns which is illustrated in Figure 1,
and are influenced by several critical factors:

1. Vanilla language models are forgetful. We
find vanilla language models (i.e., random ini-
tialized language models without pre-training)
exhibit the catastrophic forgetting nature and
can not persistently memorize the learned

knowledge. Specifically, forgetting curves of
vanilla language models show that the knowl-
edge are temporarily stored and with a clear
periodicity. As new knowledge arrived, the pre-
viously learned knowledge is quickly forgotten,
and repetitive learning hardly benefit the mem-
ory process. In other words, the memorizing
dynamics of vanilla LMs exhibit characteristics
of short memory duration and limited memory
capacity.

2. Pre-training leads to retentive language
models. We find that pre-trained language
models show dramatically different memoriz-
ing patterns from vanilla language models.
Specifically, forgetting curves of PLMs show
that the knowledge can be gradually mem-
orized by the models throughout repetitive
learning. Moreover, language models that
have been pre-trained for a longer time have
stronger memory ability, which reveals that
pre-training is at the core of the forgetful to
retentive transformation.

3. Knowledge relevance and diversification
significantly influence memory formation.
We find that for pre-trained language mod-
els, there is a memory competition between
highly related knowledge, i.e., when the newly
learned knowledge is highly relevant to pre-
viously learned knowledge, it will undermine
the memory of the previously learned knowl-
edge retained in the model. Furthermore,
in the early stage of memorizing process
of PLMs, there frequently occurs memory
collapse, where the memory of previously
learned knowledge sometimes seems to be
rapidly disappeared but can be quickly recov-
ered if a new, unrelated type of knowledge is
further learned. We find that the occurrence
of such memory collapse is highly related to
the diversity of newly learned knowledge.

The remaining part of this paper is organized
as follows. In Section 2, we will briefly introduce
our factual knowledge acquisition testbed and de-
scribe how to acquire the forgetting curves for each
knowledge. Section 3-5 discuss our conclusions
in detail respectively, including the corresponding
supported findings and experiments. At last, we
will introduce the related works (§6), as well as
overall conclusions and discussions (§7).

2. Factual Knowledge Acquisition
Testbed

To investigate the memorizing dynamics of lan-
guage models, this paper leverages factual knowl-
edge acquisition as a testbed, which aims to equip
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Figure 2: The illustrated factual knowledge acquisition testbed. During the knowledge acquisition process,
each time step represents a group of knowledge being learned, and each learning cycle denotes a
sequentially learning process of all knowledge groups in one epoch. Once a group of knowledge has
been learned, we save a checkpoint and evaluate the current model performance on target knowledge
type. Finally, the forgetting curve is plotted by summarizing the performance variation throughout the
whole learning process which involves multiple learning cycles.

language models with real-world factual knowledge.
A fact (e.g., <Steve Jobs, birthplace, California>)
is an assertion containing a subject, an object,
and the relation between them. To acquire fac-
tual knowledge, we convert facts into natural lan-
guage expressions, and train language models
using their corresponding pre-training objectives
(e.g., masked language modeling for BERT (De-
vlin et al., 2019) and causal language modeling
for GPT-2 (Radford et al., 2019)). To evaluate how
well language models memorize a set of facts, we
probe them using the corresponding factual knowl-
edge queries (e.g., Steve Jobs was born in _?) and
check their answers.

Dataset. We construct our experiment testbed
based on LAMA (Petroni et al., 2019), a well repre-
sentative factual knowledge benchmark derived
from Wikidata (Vrandečić and Krötzsch, 2014).
We select the 23 most common relations from
LAMA, and regard each relation as a specific type
of knowledge for LMs to learn. For each knowl-
edge type, we randomly sample 10,000 facts from
Wikidata, and generate 5 natural language sen-
tences for each fact using 5 semantic-equivalent
prompts (Elazar et al., 2021; Cao et al., 2022). For
example, the sentences of <Steve Jobs, birthplace,
California> may be “Steve Jobs was born in Cali-
fornia”, “the birthplace of Steve Jobs is California”,
etc. In total, the dataset collects 23 groups of fac-
tual knowledge, with each group containing 50,000
sentences of a specific knowledge type, and each
group of knowledge is sequentially sent to neural
network-based language models for learning.

Language Model Architectures. We conduct ex-
periments on transformer-based language model
architectures, including BERT (Devlin et al., 2019)

and GPT-2 (Radford et al., 2019). Due to page
limitation, the results in the main body of paper are
on BERT architecture without special declaration
(BERT-base and BERT-large show the same re-
sults), and GPT-2 architecture reaches the same
conclusions which can be refered in the appendix.
We use Adam for optimization with learning rate of
1e− 4, β1 = 0.9, β2 = 0.999.

Knowledge Acquisition and Forgetting Curve.
Figure 2 illustrates the detailed knowledge ac-
quisition process. Following relevant studies in
psychology (Wixted and Ebbesen, 1991; Custers,
2010; Murre and Dros, 2015), factual knowledge
is learned in a repetitive, group-by-group manner
by LMs in our experiments. Each group of data
contains all derived instances of one knowledge
type, once a group of knowledge has been learned,
we save a checkpoint and 23 checkpoints will be
saved in one epoch (i.e., learning cycle).

To investigate the memorizing dynamics of LMs,
we leverage forgetting curve (Ebbinghaus, 2013)
as an effective toolkit. To obtain the forgetting curve
of a specific knowledge type: (1) we first evaluate
its memorization on all checkpoints by probing with
its corresponding factual knowledge queries (e.g.,
query BERT with Steve Jobs was born in [MASK]);
(2) the forgetting curve is plotted by summariz-
ing its performance variation throughout the whole
learning process. Figure 3 demonstrate several
forgetting curves: the horizontal axis represents
the learning process, where each time step repre-
sents a group of factual knowledge being learned,
and each dashed line points to a time step when
target knowledge is being repeatedly learned. The
vertical axis of the forgetting curve represents the
performance of LM on the target knowledge type at
the current time step, which reflects the memory of
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native language

manufacture

Figure 3: The forgetting curves and answer correlation curves of knowledge naive language and
manufacture on vanilla LMs. In the forgetting curve, each dashed line points to a time step when target
knowledge is being repeatedly learned, with the middle portion representing a complete learning cycle.
Each data point represents the knowledge probing performance on target knowledge type after a new
knowledge type is learned. In the knowledge correlation curves, each data point denotes the Pearson
correlation coefficient between the answer distributions of current step learned knowledge type and target
knowledge type.
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Figure 4: The Pearson correlation coefficients be-
tween the forgetting curve and answer correlation
curve for each knowledge type. Each box repre-
sents the distributions of correlation coefficient on
different learning cycles.

the LM for that type of knowledge. In this way, the
forgetting curve of a target knowledge type reflects
its memorizing dynamics in a LM.

Notations. We refer to the knowledge type of
a forgetting curve as its target knowledge type,
the sequentially learning process of all knowledge
groups in one epoch as a learning cycle, and the
learning of a group of knowledge corresponds to a
time step, the group of knowledge learned at the
most recent time step as newly learned knowledge.

3. Vanilla Language Models are
Forgetful

Conclusion 1. Vanilla language models are forget-
ful. Their memorizing dynamics exhibit characteris-
tics of short memory duration and limited memory
capacity.

In this section, we apply factual knowledge ac-
quisition testbed to vanilla language models (i.e.,

random initialized language models without pre-
training), and analyze the forgetting curves of dif-
ferent knowledge types. Throughout the experi-
ments, we find that vanilla language models suffer
severely from catastrophic forgetting: the models
mostly only memorize the newly learned knowl-
edge and forget the previously learned knowledge.
As a result, the performance on a specific type
of knowledge shows an obvious periodicity: lan-
guage models achieve the best performance on
the target knowledge type learning time step, and
the performances at other time steps significantly
degrade and are mostly determined by the knowl-
edge correlation between the target type and the
latest learned type. Besides, repetitive learning
cannot effectively improve the memorization. In
summary, there exist a short duration and limited
capacity phenomenon in the memorizing dynam-
ics of vanilla LMs, where the memory can only
hold a small amount of information in active with a
short interval and are susceptible to be interfered
by other memories. In the following, we will illus-
trate the experiment findings to reach the above
conclusions.

3.1. Limited Memory Duration

Finding 1. Vanilla language models will rapidly
forget retained knowledge when new knowledge
emerges, and repetitive learning has minimal im-
pact on the effectiveness of knowledge retention.

To show this, we investigate the dynamics of
forgetting curves for vanilla language models. Fig-
ure 3 demonstrates the forgetting curves of two
representative knowledge types including native
language and manufacture. More results and
details of other knowledge types and language
models are in the appendix, which demonstrate
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Figure 5: The forgetting curves of native language and manufacture on both vanilla and pre-trained
LMs.

Figure 6: The box plot of performance change through learning cycles. Each box reflects the performance
distribution of the target knowledge type in one learning cycle.

the same tendency.
From Figure 3, we can see that the performance

of vanilla language models shows an apparent peri-
odicity: 1) For the target knowledge type, the model
achieves the best performance when the target
knowledge type has just been learned, which indi-
cates that the model can memorize the knowledge
at its learning step; 2) The performance quickly
degrade even to zero once another kind of knowl-
edge is learned, which confirms the existence of
catastrophic forgetting; 3) The entire learning and
memorizing process is cyclical, and repetitive learn-
ing cannot effectively improve the memory duration
of the target knowledge. These results indicate that
there are no long-term memory effects in vanilla
language models. In general, vanilla language
models exhibit a short-term, forgetful memory pat-
tern with very limited memory duration.

3.2. Limited Memory Capacity

Finding 2. The performance of vanilla language
models is mostly determined by the knowledge
learned in the nearest step, and the impact of
knowledge learned from earlier steps is very lim-
ited.

From Figure 3, we find the performance of tar-
get knowledge mostly quickly drops to zero once
new knowledge are learned; this verifies the limited

memory capacity of vanilla language models. How-
ever, we also observe some cases where language
models can still retain a relative performance when
new knowledge are learned. To investigate this,
we estimate the knowledge correlations between
the answer distribution of current step learned
knowledge and the answer distribution of the target
knowledge type. The results are illustrated in red
lines in Figure 3, which shows a clear and strong
connection between the memorizing performance
and the knowledge correlation: 1) The stronger the
correlation between newly learned knowledge and
the target knowledge, the better the performance
on target knowledge; 2) the cycles of the correla-
tions and that of the performance are completely
consistent, highlighting the pivotal role of knowl-
edge correlation in determining the performance of
the target knowledge for vanilla language models.

To further quantify these findings, we compute
the Pearson correlation coefficients of these two
series (forgetting curve and knowledge correlation
curve) on every target knowledge type. Figure 4
shows the box plots of coefficients. We can see
that on almost all target knowledge types, the aver-
age correlation coefficient surpasses 0.9, display-
ing a consistently low standard variance across
each learning cycle. All these results demonstrate
that the newly learned knowledge, rather than the
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knowledge learned in earlier steps, dominates the
performance, which indicates that the memory ca-
pacity of vanilla language models is quite limited.

4. Pre-training Leads to Retentive
Language Models

Conclusion 2. Pre-training is at the core of the
forgetful to retentive transformation. Consequently,
pre-trained language models are retentive which
exhibits a long-term memory pattern.

To show this, we apply factual knowledge ac-
quisition testbed to pre-trained language models
such as BERT and GPT-2. We find that the memo-
rizing pattern of pre-trained language models sig-
nificantly diverges from that of vanilla language
models: although there still exists forgetting at the
beginning of learning, the memory of pre-trained
language models will be significantly improved via
repetitive learning. Furthermore, we find that a
longer pre-training will result a stronger memoriz-
ing ability, i.e., target knowledge can be memorized
faster and better.

The above findings reveal that pre-training is the
key to transform forgetful vanilla language models
with short memory duration and limited memory
capacity, to the retentive pre-trained language mod-
els with long memory duration and large memory
capacity. In the following, we will explain the above
conclusions in detail.

4.1. Pre-trained Language Models are
Retentive

Finding 3. Through repetitive learning, pre-trained
language models can gradually remember and fi-
nally retain the learned knowledge.

Figure 5 shows two representative forgetting
curves of both vanilla and pre-trained LMs on
native language and manufacture knowl-
edge, and more similar results on other knowl-
edge types are shown in the appendix. To make a
fair comparison, we maintain identical model size,
model architecture, learning schedule and hyper-
parameters for both vanilla and pre-trained LMs in
each experiments.

From Figure 5, we can see that pre-trained lan-
guage models and vanilla language models follow
totally different memorizing patterns. At the begin-
ning stage of learning, the pre-trained LMs, like
the vanilla LMs, will forget the knowledge learned
in the earlier steps after learning new knowledge.
However, with the repetition of learning, PLMs can
gradually remember all kinds of learned knowledge,
and will not forget them once reaches a convergent
state. Besides, the memory capacity of PLMs is
much larger than that of vanilla language model,

and therefore PLMs can achieve much better per-
formance on all kinds of knowledge.

To better quantify these findings, Figure 6 shows
the box plots of the performance change across
learning cycles, where each box plot contains 10
boxes corresponding to the first 10 learning cycles,
and each box reflects the performance distribution
of the target knowledge type in one learning cycle.
From these box plots, we can see that the tenden-
cies of knowledge memorization are very clear and
consistent: 1) the average and the low-bound of
performance in each learning cycle is gradually
increased, which indicates that repetitive learning
improves memorization; 2) The performance vari-
ance in each learning cycle is gradually decreased,
which indicates that the forgetting of knowledge is
gradually weakening. In summary, PLMs show sig-
nificantly different memorizing patterns from vanilla
language models, whose memory ability is with
long duration and high capacity.

4.2. Pre-training Leads to Long-term
Memorizing

Finding 4. Pre-training is the key to transforming
short-term memory of vanilla language models into
long-term memory of pre-trained language models.

As shown above, the significant forgetful-
retentive divergence between vanilla and pre-
trained language models reveals the decisive role
of pre-training in the formation of long-term mem-
ory ability. To further understand how the pre-
training procedure shapes the memory ability of
language models, we investigate the memory dy-
namics of language models in different stages
of pre-training. Specifically, we pre-train a new
BERT-based language model from scratch, collect
language models at different pre-training check-
points with sufficient step intervals, and then com-
pare their memorizing dynamics over the same
target knowledge type. We perform training on 2
Nvidia A100-80 GPUs for about 10 days, and follow
the original pre-training process of BERT: using
Wikipedia and Bookcorpus as datasets, training
with batch size of 512 sequences for 1,500,000
steps, using Adam with learning rate of 1e − 4,
β1 = 0.9, β2 = 0.999.

Figure 7 shows the forgetting curve of knowl-
edge type citizenship with different pre-training
steps, and more knowledge types are presented
in the appendix. From this figure, we can clearly
observe the formation process of memory ability
along with the pre-training process. Firstly, the
ability for long-term memory is formed in the early
stage of pre-training: through 80,000 steps of pre-
training, the memorizing pattern of LM shifts from
forgetful short-term memory to retentive long-term
memory. Secondly, the capacity of memory is af-
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Figure 7: The forgetting curves on knowledge type official language of several pre-training lan-
guage model checkpoints with different pre-training steps. Forgetting curves of other knowledge types
will be shown in the appendix, which reach the same conclusions.
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Figure 8: The forgetting curves of knowledge
type official language learned with relevant
knowledge and with irrelevant knowledge.

fected by the depth of pre-training. That is, the
longer the pre-training step, the larger the PLMs’
memory capacity and the better the final memoriz-
ing performance. The above findings clearly show
the critical role of pre-training for memorizing ability
formation of NN-based language models.

5. Knowledge Relevance and
Diversification Affect Memory

Formation

Conclusion 3. The correlation between newly
learned knowledge and retained knowledge, as
well as the diversification of newly learned knowl-
edge, will interfere with the memorization in pre-
trained language models.

From Figure 5 and 7, we can see that although
PLMs exhibit a long-term, retentive memory pat-
tern, the memory formation of a specific type of
knowledge shows obvious fluctuations before final
convergence. Specifically, the memorization per-
formance of a knowledge type may dramatically
diverge in different steps of the same learning cy-
cle. More strikingly, we find that there frequently
occurs knowledge memory collapse, i.e., the mem-
ory of previously learned knowledge sometimes
seems to be rapidly collapsed but can be quickly
recovered in the next step.

To deeply understand the causes of performance
fluctuation and memory collapse, we explore the
potential factors affecting the memory formation
process of PLMs. Inspired by interference theory
of forgetting (Postman, 1961; Ceraso, 1967), we

Citizenship

Figure 9: The memory collapse phenomenon for
citizenship, which indicates the memory of tar-
get knowledge rapidly collapse but can quickly re-
covered in the next step. The memory singularities
after warming up are marked in red.

intensively study the impact of knowledge correla-
tions between the retained and the newly learned
knowledge, as well as the characteristics of newly
learned knowledge that may cause knowledge
memory collapse. We find that there is a mem-
ory competition between highly related knowledge,
and the emergence of memory collapse is highly
related to the diversification of newly learned knowl-
edge.

5.1. Correlations brings Competitions

Finding 5. There is a competition between the
memorization of highly relevant knowledge types
in pre-trained language models.

To understand the high memorization perfor-
mance fluctuation in Figure 5 and 7, we investigate
the relation between the newly learned knowledge
and the target knowledge, and find that the mem-
ory of a knowledge type will be undermined due to
the competition of highly relevant knowledge types.

To verify these observations, we compare the
forgetting curves correspondingly learned with
relevant knowledge and with irrelevant knowl-
edge. Figure 8 shows the forgetting curves of
official language learned with a group of rel-
evant knowledge types (e.g., work language,
native language) and with a group of irrelevant
knowledge types (e.g., occupation, record
label). We can see that, the performance learned



14023

T A B C DDiversity=1

T A& B C & DDiversity=2 A& B C & D

Figure 10: The knowledge memorization with dif-
ferent diversity settings, here T denotes target
knowledge type, A/B/C/D denotes other knowledge
types, and each box corresponds to a time step.
We increase the diversity by sequentially mixing
and randomly shuffling K types of knowledge in
one time step (except time step for T).

Learning Process
0

5

10

15

20

25

Ac
cu

ra
cy

diversity_8
diversity_4
diversity_2
diversity_1

Figure 11: The forgetting curves of knowledge type
birthplace with different knowledge diversities.

with relevant knowledge decreases more signifi-
cantly than with irrelevant knowledge. That is, the
newly learned correlated knowledge would inter-
fere with the original memory in PLMs.

5.2. Memorizing Singularity and its
Causes

Finding 6. The lack of knowledge diversity is a
critical factor to the memory collapse in the early
stage of learning process.

We observe a striking memory collapse phe-
nomenon as shown in Figure 9, i.e., at some singu-
larities (red circles), memory of target knowledge
type rapidly collapses but will be quickly recovered
in the next step, and the memory collapse will grad-
ually diminish along with repetitive learning.

To analyze the causes of memory collapse, we
collect all singularities of memory collapse, and
identify the knowledge type learned at the singu-
larity step (more details are in the appendix). We
find that most of the memory collapses are caused
by the knowledge with a very low answer diver-
sity, e.g., Continent knowledge with only 7 pos-
sible answers. This observation enlightens us on
whether the memorizing singularities are caused
by the lack of diversity of newly learned knowledge.

To verify this hypothesis, we compare the for-
getting curves using different diversity settings as
shown in Figure 10. Specifically, given a specific
target knowledge type and the knowledge diver-
sity degree K, we classify the rest of the data into
groups of K knowledge types, and then repetitively
learns the target knowledge and these groups of
knowledge. The data in the same group are ran-
domly shuffled to ensure that instances of different
knowledge types can be included in each batch of

learning. In this way, each learning step will con-
tains knowledge sampled from K kinds of knowl-
edge types, and therefore the diversity at each
learning step can be roughly approximated as pro-
portional to K. Figure 11 shows the results of
Birthplace with diversity degrees 1, 2, 4 and
8. We can see that the more diverse the newly
learned knowledge, the faster the memorizing pro-
cess converges. Furthermore, when diversity in-
creases, the model collapse becomes shallower
and appears less frequently. This confirms our hy-
pothesis that knowledge diversification is critical
to avoid memory collapse, and therefore plays a
significant role in the memory formation process of
PLMs.

6. Related Work

Memory is one of the most essential cognitive func-
tions (Squire, 1986; Duch et al., 2008; Eysenck,
2012), and extensive studies have been conducted
on both psychology and AI for decades (Miller,
1956; Gathercole, 1998; McCloskey and Cohen,
1989). For neural networks, lots of studies
have focused on the catastrophic forgetting prob-
lem (McClelland et al., 1995; French, 1999; Parisi
et al., 2019), which try to understand the rea-
sons (French, 1991; Goodfellow et al., 2013) and
alleviate the forgetting (Robins, 1995; Gepperth
and Karaoguz, 2016; Zenke et al., 2017; Li and
Hoiem, 2017).

Recent years have witnessed the remarkable
memorizing ability of PLMs, and a lot of studies
have conducted to PLMs’ memorization, such as
knowledge memory probing (Petroni et al., 2019;
Jiang et al., 2020b; Cao et al., 2021), memorization
ability quantification (McCoy et al., 2021; Carlini
et al., 2022; Jang et al., 2022), memorization dur-
ing training (Tirumala et al., 2022; Tänzer et al.,
2022), and the impact of pre-training on life-long
learning (Mehta et al., 2021). Several popular
testbeds have been proposed, including factual
knowledge probing (Petroni et al., 2019; Jiang
et al., 2020a; Kassner et al., 2021) or textual infor-
mation memorization (Carlini et al., 2021; McCoy
et al., 2021; Carlini et al., 2022). In this paper,
we focus on the forgetful-retentive contradiction
between vanilla and pre-trained LMs using factual
knowledge acquisition as testbed, specifically, we
investigate the knowledge memorizing dynamics
and regularies of LMs, as well as the significant
factors which influence memory formation.

7. Conclusions and Discussions

This paper investigates the memorizing mecha-
nisms for both vanilla language models and pre-
trained language models, and finds that: 1) Vanilla
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language models are forgetful; 2) Pre-training
leads to retentive language models; 3) Knowledge
relevance and diversification significantly influence
memory formation.

These findings can benefit many other re-
searches. Firstly, the memorizing mechanisms
of language models can provide a useful explana-
tion to many previous studies such as the reason of
catastrophic forgetting and the effect of pre-training.
Secondly, by revealing several critical factors that
affect PLMs’ memorization, more stable and reli-
able learning algorithms can be designed for PLMs.
Finally, we find the memorization patterns of lan-
guage models may be similar to human brains,
which raises the opportunities to bridge research
on AI and psychology.

This paper also raises many open problems for
future study: 1) The underlying reasons why pre-
training could lead to such a significant forgetful-
retentive transition, are there any other synchro-
nized transitions during pre-training? 2) Besides
repetitive learning, pre-training and knowledge di-
versity, are there any other critical factors that affect
memorizing ability? 3) What are the key differences
between the brain’s and language models’ mem-
orization? What abilities are required to achieve
brain-like memorization?

8. Limitations

This paper focuses on the factual knowledge acqui-
sition, which is one of most representative mem-
orization testbeds in both AI (Petroni et al., 2019;
Jiang et al., 2020b,a; Kassner et al., 2021) and psy-
chology (Tulving and Markowitsch, 1998; Squire
and Zola, 1998). In future work other memoriza-
tion tasks such as text memorization can be further
conducted.

Due to the huge cost and the limitations of com-
puting and storage resources (230 checkpoints re-
quired to be saved in each experiments), we have
not yet conduct experiments on extremely large lan-
guage models such as GPT-3 (Brown et al., 2020)
and LLaMA (Touvron et al., 2023). Meanwhile, due
to the larger capacity of larger-scale models, we
have reason to believe that our findings will remain
consistent on these models as well, as they pos-
sess stronger memory capabilities.
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Type Relation ID Relation Label Example Prompt

Personal Information

P19 place of birth [X] was born in [Y]
P20 place of death [X] died in [Y]
P27 country of citizenship The citizenship of [X] is [Y]

P101 field of work [X] works in the field of [Y]
P106 occupation [X] works as [Y]

Languages

P37 official language The official language of [X] is [Y]
P407 language of work [X] was written in [Y]
P364 original language of film The original language of [X] is [Y]

P1412 languages spoken [X] used to communicate in [Y]
P103 native language The native language of [X] is [Y]

Manufacture

P449 original broadcaster [X] was originally aired on [Y]
P178 developer [X] is developed by [Y]
P176 manufacturer [X] is produced by [Y]
P495 country of origin [X] was created in [Y]
P264 record label [X] is represented by music label [Y]

Location

P30 continent [X] is located in the continent [Y]
P131 located in the territorial entity [X] is in the region of [Y]
P17 country [X] is located in the country of [Y]

P276 location [X] is located in [Y]
P159 headquarters location The headquarter of [X] is in [Y]
P36 capital The capital of [X] is [Y]

P740 location of formation [X] was founded in [Y]
P1376 capital of [X] is the capital of [Y]

Table 1: The details about the training relations.

A. Details of Knowledge Types

The training dataset in our experiments contain
23 relations from LAMA (Petroni et al., 2019),
and each relation corresponds to 5 different se-
mantically equivalent prompts which are collected
from Elazar et al. (2021); Cao et al. (2022). The
relations can be classified into four types includ-
ing: personal information, language related, man-
ufacture related and location information. Table 1
shows the details for each relation.

B. Forgetting Curves of Other
Knowledge Types on BERT and

GPT

Figure 12 demonstrates the forgetting curves of
more target knowledge types on both vanilla lan-
guage models and pre-trained language models
(including BERT-base and BERT-large), and Fig-
ure 13 shows the forgetting curves of vanilla and
pre-trained GPT-2, which also reach the same con-
clusions in Section 3 and 4. Please kindly note that
all forgetting curves show the same trends but a
few knowledge types (country, location, continent)
need more epochs to converge, therefore their for-
getting curves don’t reach a convergence in the
presented first 10 learning epochs, but they all will
reach the same conclusions after more learning
epochs.

Furthermore, Figure 14 demonstrate more com-
parison between the language model checkpoints
during pre-training with different pre-training steps,
which also confirm the conclusion of “pre-training is
the key to transform short-term memory of vanilla
language models into long-term memory of pre-
trained language models” in Section 4.

C. Knowledge Relevance Analysis

As we mentioned in Section 5, we compare the
forgetting curves correspondingly learned with a
group of relevant knowledge and with a group

https://openreview.net/forum?id=SJzSgnRcKX
https://openreview.net/forum?id=SJzSgnRcKX
https://openreview.net/forum?id=SJzSgnRcKX
https://aaai.org/ojs/index.php/AAAI/article/view/6523
https://aaai.org/ojs/index.php/AAAI/article/view/6523
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Relevant Knowledge Irrelevant Knowledge
language of work or name occupation
original language of film or TV show original broadcaster
languages spoken, written or signed manufacturer
native language record label

Table 2: The relevant knowledge types and irrel-
evant knowledge types for target knowledge type
official language.

of irrelevant knowledge. Table 2 shows the de-
tails for each group of knowledge, where we can
clearly see the difference. The group of rele-
vant knowledge including knowledge types such
as language of work or name and native
language, which shares the similar relation se-
mantics and answer distribution with the target
knowledge type official language. In com-
parison, the group of irrelevant knowledge in-
cluding knowledge types such as occupation
and manufacturer, which has no overlap in an-
swer distribution with the target knowledge type
official language.

D. Memory Collapse Analysis

As we mentioned in Section 5.2, we observe a
memory collapse phenomenon, i.e., at some sin-
gularities the memory of target knowledge type
rapidly collapses but will be quickly recovered in
the next step, and the memory collapse will grad-
ually diminish along with repetitive learning. To
investigate the cause of such memory collapse, we
collect all singularities of memory collapse, and
identify the knowledge type learned at the sin-
gularity step. Table 3 shows the results of each
learned knowledge type at singularity and the times
it cause memory collapse. And we can clearly see
that the most memory collapses are caused by
Continent. Compared Continent with other
knowledge types, the most significant character-
istic is that the answer diversity of Continent,
as well as the entropy of its answer distribution,
is substantially lower than other knowledge types.
Specifically, for each distinct answer ei with fre-
quency fi for relation r, the entropy Hr of answer
entity distribution for knowledge type r can be cal-
culated with:

Pi =
fi

Σifi
, Hr = −ΣiPilog2Pi. (1)

Table 3 demonstrates the number of distinct an-
swers and the entropy of answer distribution for
each knowledge type. We can clearly see the
difference between knowledge type Continent
and other knowledge types: 1) the answer set
of Continent contains only 7 possible answers
while other knowledge types contains at least 70,

where the average across all knowledge types is
407.91. 2) the entropy of answer distribution for
Continent is only 1.94 while the average entropy
across all knowledge types is 5.67. Such results
are also understandable since there are only seven
continents in the world. To further verify our hy-
pothesis, we calculate the prediction distribution of
pre-trained language model every time when it is
learned with the knowledge type Continent. And
we find that, at the memory singularities caused by
Continent, the entropy for prediction distribution
of PLMs would also significantly reduce, and PLMs
tend to predict the continent as answer no matter
what you ask. The prediction distribute would back
to normal when the next relation is learned. Using
knowledge Citizenship as example, when PLM
is learned with Continent and then query PLM
with “The citizenship of Isaac Newton is [MASK]”,
the answer would be “Europe” instead of any coun-
try.
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Learned Knowledge
at Singularity

Cause Collapse
Times

Number of
Distinct Answers

Entropy of
Answer Distribution

continent 39 7 1.94
country 26 139 5.45
country of original 4 130 5.09
occupation 3 210 4.7
official language 2 92 4.24
native language 2 73 3.81
language of work or name 2 75 2.39
original network 2 92 4.04
located in the territorial entity 1 1066 8.22
place of birth 0 960 8.37
place of death 0 793 7.58
country of citizenship 0 139 5.24
field of work 0 800 7.12
original language of film or TV show 0 75 3.19
languages spoken, written or signed 0 75 3.82
developer 0 156 4.68
manufacturer 0 185 5.02
record label 0 206 4.45
location 0 1101 7.68
headquarters location 0 719 7.32
capital 0 1078 9.47
location of formation 0 650 7.74
capital of 0 561 8.95
Average 3.52 407.91 5.67

Table 3: The details of learned knowledge types that cause memory collapse.
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(a) The forgetting curve of country of citizenship.
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(b) The forgetting curve of field of work.
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(c) The forgetting curve of occupation.
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(d) The forgetting curve of official language.
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(e) The forgetting curve of place of birth.
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(f) The forgetting curve of language of work.
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(g) The forgetting curve of original language of film.
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(h) The forgetting curve of languages spoken.
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(i) The forgetting curve of native language.
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(j) The forgetting curve of original broadcaster.

Learning Process
0

10

20

30

Ac
cu

ra
cy

Vallina LMs BERT-base BERT-large

(k) The forgetting curve of place of death.
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(l) The forgetting curve of developer.
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(m) The forgetting curve of manufacturer.
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(n) The forgetting curve of country of origin.
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(o) The forgetting curve of record label.
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(p) The forgetting curve of continent.
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(q) The forgetting curve of location.
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(r) The forgetting curve of headquarters location.
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(s) The forgetting curve of capital.

Learning Process
0

5

10

15

20

Ac
cu

ra
cy

Vallina LMs BERT-base BERT-large

(t) The forgetting curve of location of formation.
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(u) The forgetting curve of capital of.

Figure 12: The forgetting curves of other knowledge types on both vanilla language model, pre-trained
BERT-base and pre-trained BERT-large language models.
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(b) The forgetting curve of developer.
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(c) The forgetting curve of original language.
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(d) The forgetting curve of capital.
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(e) The forgetting curve of language of work or name.
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(f) The forgetting curve of place of death.
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(g) The forgetting curve of official language.
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(h) The forgetting curve of field of work.
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(i) The forgetting curve of languages spoken, written or signed.

Figure 13: The forgetting curves on vanilla and pre-trained GPT-2 language models.
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(a) place of birth.
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(b) country of citizenship.
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(c) occupation.
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(d) official language.
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(e) original broadcaster.
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(f) developer.
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(g) manufacturer.
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(h) record label.

Figure 14: The forgetting curves of more knowledge types on several pre-training language model
checkpoints with different pre-training steps, and demonstrate the same conclusion in Section 4.
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