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ABSTRACT

Large language models (LLMs) have significantly advanced the field of natural
language processing (NLP) through their extensive parameters and comprehensive
data utilization. However, existing LLMs lack a dedicated memory unit, limiting
their ability to explicitly store and retrieve knowledge for various tasks. In this
paper, we propose RET-LLM a novel framework that equips LLMs with a general
write-read memory unit, allowing them to extract, store, and recall knowledge
from the text as needed for task performance. Inspired by Davidsonian semantics
theory, we extract and save knowledge in the form of triplets. The memory unit
is designed to be scalable, aggregatable, updatable, and interpretable. Through
qualitative evaluations, we demonstrate the superiority of our proposed framework
over baseline approaches in question answering tasks. Moreover, our framework
exhibits robust performance in handling temporal-based question answering tasks,
showcasing its ability to effectively manage time-dependent information

1 INTRODUCTION

Large language models (LLMs) have significantly advanced the field of natural language processing
(NLP) in recent years (Bubeck et al., 2023; (Chowdhery et al.l 2022; [Touvron et al., [2023). With
their vast parameter count and access to extensive data, LLMs have demonstrated remarkable ac-
curacy across various tasks. However, current state-of-the-art LLMs lack a dedicated memory unit.
Instead, they are trained to predict words based on context, encoding knowledge implicitly in their
parameters, which differs from the ideal memory function.

An ideal memory unit should possess certain characteristics. Firstly, it should allow for read and
write operations, enabling the language model to interact with stored knowledge. Scalability is also
crucial, as the memory unit should accommodate the consistently evolving nature of knowledge.
Furthermore, the memory unit should not be limited to textual documents alone; it should be capable
of acquiring knowledge from diverse sources such as database systems. Interpretabilty is desired,
granting insight into the specific knowledge required by the LLM to solve a given task. Lastly,
the information stored in the memory unit should be aggregatable, enabling the model to combine
related information across multiple documents. For instance an LLM should be able to list all cities
of a country mentioned in multiple documents.

Previous attempts to incorporate memory into LLMs have fallen short in capturing the complete
range of memory characteristics. For example, (Zhong et al., 2022} [Wu et al., 2022) and (Cheng
et al.) degrade the memory as the ability to retrieve relevant documents for a given query context,
and adding them to the context when generating answers. [Park et al. (2023) merely stores and
retrieves previous observations and reflections of a generative agent in a simulated environment.

To address these limitations, we introduce RET-LLM, (Retentive LLM) a solution that en-
dows LLMs with a scalable, updatable, interpretable, and aggregatable memory module. Our
proposal involves equipping language models with a memory module, which allows them
to extract knowledge from text and save it for future reference. When faced with a task,
the LLM can query the memory module for additional information to support its response.

"Work in progress.
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Figure [I] shows the architecture of
RET-LLM. It comprises three com-
ponents: an LLM, a controller, and Figure 1: An overview of RET-LLM. A user could prompt
a memory unit. We employ Al- with (A): an informative sentence and our approach stores
paca [Taori et al| (2023), a recently potent information from it inside the memory or (B): a ques-
released instruction-tuned language tion where previously saved information should be utilized
model (LLM), and design a fine- to generate a valid answer.

tuning process to enable it to acquire

the following abilities: information

extraction, information lookup, and fact-based answer generation.

Information extraction entails the identification and extraction of triplets in the form of jconceptl,
relationship, concept2;, from informative sentences. The information lookup task involves querying
the memory unit to acquire additional information concerning a given concept and its associated
relationships when confronted with tasks necessitating further information. Lastly, fact-based an-
swer generation involves generating a final answer based on the retrieved information. The triplet-
based storage approach draws inspiration from the theoretical framework of Davidsonian semantics
(Davidson, {1967), which provides a foundation for representing concepts described in sentences
using a triplet-like structure of jevent, subject, object;,.

The memory module stores the triplets and their vector representations. During retrieval, it first
searches for an exact match of the query text and resorts to a fuzzy search based on vector represen-
tations if no exact match is found. For efficient fuzzy search and retrieval, we employ LSH-based
hashing of vector representations. The controller acts as an interface, automating interactions be-
tween users, the LLM, and the memory module, ensuring a seamless interaction experience with an
intelligent chat system.

Our proposed approach offers several advantages over previous methods. It enables LLMs to ex-
plicitly store and retrieve knowledge, which is crucial for real-world NLP applications. By incor-
porating explicit knowledge storage and retrieval, we gain better understanding of the workings of
these models and the knowledge they rely on to solve tasks. The use of an external memory unit
separate from the LLM ensures scalability and easy modification of stored information. The fuzzy
search technique enables efficient retrieval of relevant information, even in the absence of exact
matches. Storing information in triplets facilitates the generation of precise and comprehensive so-
lutions, particularly when data aggregation is necessary. Lastly, the memory module allows for easy
incorporation of information from diverse sources and accommodates changing facts over time.

Over a qualitative evaluation using question answering examples, we demonstrate cases where a
comparable LLM such as Alpaca-7B fails to return a correct answer. We show that this shortcoming
occurs while the model has access to all the information required for generating a valid answer.
However, in our proposed approach after storing the extractable knowledge from the context, the
RET-LLM shows its capability in answering a question without the need of reinputting the context.
We also demonstrate that RET-LLM could handle temporal based QA examples. Since it is equipped
with a modifiable memory which could handle temporal facts.

2 RELATED WORKS

Prior works in the field have explored incorporating relevant context into large language models
(LLMs) by retrieving and adding relevant documents to the task’s context. |Zhong et al.| (2022)
propose training LLMs with memory augmentation by introducing trainable memory units that are
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optimized during the training process. Wu et al.|(2022) presents the Memorizing Transformer, which
can attend to longer documents during inference. This approach stores (Key, Value) pairs, extracted
from a transformer layer, in a memory and retrieves relevant pairs to add them to the current context
during generation. Cheng et al.|encode each documents, save them, and retrieve relevant documents
based on the current context. In contrast to these approaches, our method offers improved scala-
bility as we do not modify the architecture of the LLM. Instead, we suggest extracting and saving
information from documents, allowing for the aggregation of extracted information from multiple
sources. This enables us to provide more relevant and concise retrieved information that is closely
aligned with the specific question being addressed.

Park et al.| (2023) utilizes an LLM within a generative agent framework to facilitate the storage
and dynamic retrieval of a comprehensive record of the agent’s experiences using natural language.
However, there exists a fundamental distinction between their architecture and ours. In Park’s frame-
work, the memory component is an inherent part of the agent itself, while the LLM serves as an ex-
ternal tool employed solely for planning the agent’s behaviors. Consequently, the LLLM lacks control
over the specific content to be stored and retrieved within the agent’s memory.

Dhingra et al.|(2022) contribute to the field by curating a dataset specifically designed to differentiate
between temporal and non-temporal facts. They propose training language models on temporally
annotated data to enhance their temporal awareness. This work aligns with our research focus on
addressing temporal information challenges. However, in our proposed solution, we address these
challenges by introducing an updatable memory module.

Schick et al.[(2023)) present a methodology that empowers LLMs to leverage external tools by gen-
erating API calls to access additional functionalities, such as using a calculator for task execution.
Our work shares similarities with their approach in terms of teaching the LLM to utilize an external
tool. However, it should be noted that our focus lies on incorporating a more intricate and influential
tool, namely the memory module, which has the potential to significantly impact the LLM’s output.

3 APPROACH

We aim to design a RET-LLM where the user can perform two actions: (1): Provide one or a series
of informative statements where the RET-LLM should be able to memorize the containing informa-
tion. Previous methods perform this task by either training/fine-tuning the LLM over the provided
document or creating a vector representation for the document and storing the representation. (2):
Asking related questions which the RET-LLM would answer based on the stored memory. All these
actions should function in a seamless setting where the user should only interact in natural language.

Our RET-LLM is constituted by three main components: (1) Controller, (2): Fine-tuned LLM & (3):
Memory. As shown in Figure[I] the controller moderates the flow of information between the user,
the LLM and the memory. The LLM acts as a processing unit, where it receives the texts passed by
the controller and figures where it needs to invoke a memory call or not. Since the LLM operates
with text, inspired by |Schick et al.| (2023)), we standardized the memory calls by implementing a
text-based API schema. Therefore the LLM could generate memory API calls and the controller
could apply the LLM API calls to the memory. In our setting, the memory stores data in triplets by
using a three-columned table. This is based on the theoretical framework of Davidsonian semantics
(Davidson, [1967), where concepts described in sentences could be stored in a structure of jfirst
argument, relation, second argument;,.

In the following we describe RET-LLM in more detail. The memory-API, how we finetune the
LLM to become capable of these calls and the memory structure.

3.1 MEMORY STRUCTURE

Each triplet defines a relationship between two arguments with the following format: (t1, ¢, t3)
where ¢, is the first argument, to is the relation and t3 is the second argument in the relationship.
For instance in the sentence: “Mark Zuckerberg is the CEO of Meta Inc.” the informative triplet that
could be extracted is: (Mark Zuckerberg, CEO, Meta Inc.).

To store these triplets we use a three-columned table where each column is associated with each part
of the triplet. Alongside saving the texts, we store the average representations so that the memory
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(b) Memory-Read scenario: (1) Controller passes the question to the LLM (2) which generates the appropi-
ate memory read call. (3) The controller apply the query on the memory with the given search terms from
the LLM. (4) The memory returns the query results which are (5) forwarded back to the LLM. (6) The LLM
generates the answer to the question using the query results and (7) the answer would be returned back to
the user.
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Figure 2: A visualization of the process in both read- and write-based inputs.

could also handle queries which have semantically similar words. If the memory module fails to
find the exact text in the table, it checks for similar texts by comparing the vector representation of
the query text with vector representations of text peices already stored in the dataset. Therefore for
every ¢; the mean representation retrieved by the LLM (h oy ¢ (t;)) is stored in a Locality-Sensitive
Hashing (LSH) table. The reason of utilizing LSH is to reduce the computation required for finding
similar representations. Without a hash table for a given query representation, the distances to all of
the stored representations should be computed which would be a computationally-expensive task.

Handling Memory Queries. In a memory query, one or two of the triplet parameters should be
provided as input:

Q € {{q1), (92):(a3) (@1, 42), {q1,43), (g2, 43) }

Where ¢; is the search term for the i-th parameter in the stored tuples. Before retrieving the query
results, each search term is checked For a given Q, first the memory checks whether the search
terms (g;) have an exact match in the storage table. If ¢; does not exist in the stored terms, we use
its average representation h 4y ¢(¢;) and the LSH table for an alternative term (g;) that has an exact
match in out memory table. Possibly, the LSH table may not find an alternative term for the given
representation, therefore the query would not have a result: @ — (. In any case (exact match or
similar match), the query might have multiple matches in the data table (g; = ¢;). In this case all
resulting triplets would be returned as the query output.
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3.2 MEMORY-API & DATAFLOW

To enable communication between the memory and the LLM, we design an API schema for memory
read and write functions. This API allows the controller to understand when the LLM is calling the
memory and what parameters should be passed. Based on the triplets discussed in the previous
section, the two memory calls are as the following:

* [MEM_WRITE{¢;>>to>>t3}]1: This structure is for storing a triplet (¢, to, t3). Depending
on the prompt, multiple write calls could be sequentially generated by the LLM to store
multiple triplets extracted from a text.

e [MEM_READ{>>_>>_}: {t1>>to>>t3}; ...] :Inamemory read, as shown in the API,

there are three placeholders that based on Q atleast one of them should be filled with the
search terms. Based on the query results from the memory, one or a list of triplets could be
returned as shown in the highlighted segment.

Figure [2| demonstrates how RET-LLM operates using the memory-API. Depending on the input
given by the user, RET-LLM either have to read or write information from or to the memory. If
the user prompt an informative statement (or ideally a full document), it would be memory write
scenario. On the other hand, by having a question in the input, we consider this to be a memory read
case. In both cases the user input is the first input to RET-LLM that is passed on to the LLM.

Based on the given input the LLM infers and generates the relevant API call. With a memory write
case, after the API call is generated the controller detects it and invoke a memory storation function
with the given parameters. The memory receives the data in a triplet format and stores it for future
usage. If a memory read call is generated by the LLM, the controller also detects it and pauses
the model’s sequence generation for the memory retrieval. It uses the parameters given inside the
read call as the query terms and passes them to the memory. The memory lists all stored triplets
that feature the given search terms (or a semantically similar version of them according to and
return the results back to the controller. Using the API discussed in the beginning of this section, the
read results are listed after the call so that the LLM could use them to produce a naturally sounded
answer. After the answer is produced it is returned back to the user.

As the controller is in between of the user and the LLM, it could hide the whole memory-API
schema. This would make the user feel an end-to-end simple language modeling experience without
knowing the memory functionality behind the scene.

3.3 FINETUNING THE LLM

In this part we discuss how the LLM is finetuned to be capable of generating memory-API calls.
In the end the LLM should be capable of detecting which type of memory call (read or write) it
should provoke based on the input. As stated in Section [3.2] the LLM’s input may have one of
the two previously discussed structures depending on the memory function. Therefore the LLM
should be able to generate and handle this API to store or read the relevant information. To this
end, we develop a synthetic dataset to train the LLM. The synthetic task is to learn the relationships
of the discussed people with the respective corporations. Based on the stored information, RET-
LLM should be capable of answering any questions regarding the people, the corporations or the
relationships.

We use a set of firstname and lastnames to generate a synthetic population, called P. Each person
from this population per € P could have only one relationship from the following list: rel €
R = {employment, manager, investor, founder, customer} with an organization org € O. Where
O is a set of corporation names. Hence, each triplet would be as: (per,rel,org). For instance:
(Dominick Alphonso, employment, BMW> Based on this triplet we can build three triplet-specific
questions:

* Q= (per), e.g. “Who is Dominick Alphonso?”
* Q = (per,org), e.g. “How Dominick Alphonso is related to BMW?”

2Even though the corporation names are real, the people names are entirely random generated. No identifi-
cation with actual persons is intended or should be inferred.
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Query Type | Question | API Query | API Response | Answer

(per) Who is per? {per>>>>}: {per>>rel>>org} perisreltoorg.

(per, org) How per is related to org? {per>>>>org}: {per>>rel>>org} perisreltoorg.

(per,rel) per is rel which company? {per>>rel>>}: {per>>rel>>org} perisreltoorg.

{org) Who are related to org? {>>>>o0rg}: {peri>>rel;>>org}; {pers>>rely>>org}; ... [peri, pers, ...] is\are related to org.
(rel) Who are the rel? {>>rel>>}: {per;>>rel>>orq;}; {pers>>rel>>orgs}; ... [peri, pery, ...] is\are rel.
{org,rel) Who are rel org? {>>rel>>org}: {per;>>rel>>org}; {pers>>rel>>org}; ... [peri, pers, ..] is\are rel to org.

Table 1: Memory read data examples for finetuning. The first three types of questions are based on
a single triplet therefore the API response would be only one triplet. However the second three may
have multiple relevant tiplets stored in the memory as shown in their API-Resonse. Thus, the answer
should combine the triplets data into a single sentence. [peri, pers, ...] is the placeholder of the
names written sequentially in a natural way. For instance: “Dirk Alosa, Ty Baumkirchner, and Vera
Bayless”

Triplet(s) | Statement | API Write Call(s)

[(pery,rel, org), (pera,rel, org), ...] ‘ [peri, pers, ...] is\are rel to org. ‘ [MEM WRITE{per;>>rel;>>org}] [MEMWRITE{per;>>rely>>org}] ...

Table 2: Memory write data example structure for finetuning.

* Q = (per,rel), e.g. “Dominick Alphonso is employed by which company?”

and the answer to all above should be “Dominick Alphonso is employed by BMW.”. Alongside these
questions three other types of questions could be asked that could be relevant to multiple triplets:

* Q = (rel), e.g. “Who are the employees?”
o Q= (org), e.g. “Who are related to BMW?”
* Q= (rel,org), e.g. “Who are employed by BMW?”

Unlike the first three, each of these questions could have multiple persons related to the answer. For
each of these questions we expect the model answer the questions without any extra information
(e.g. stating the corporation of employment when its not asked). To create a training data instance
from these questions based on the memory-API, we use the templates stated in Table I} During
finetuning the Question, API query (with the MEM_READ command), API Response and the answer
are concatenated as the data input for the LLM. However, the langauge modeling loss is only applied
to the API query and Answer sections. Since these two segments are the text sequences that the
LLM is expected to generate based on the other two segments (Question & API Response) that are
provided by the controller.

As we also need informative examples where have MEM_WRITE calls, we use a similar strategy by
using the population, organizations and relations that were previously defined (P, Q,R). Based on
the memory-API, in a memory write scenario the RET-LLM receives a sentence which here contains
a relationship information and then the LLM should generate the corresponding memory write calls.
In our dataset we opted to build examples where it states about multiple people whom have the
same relationship with the same company: (per;, rel, org). The template for the memory write data
examples are shown in Table[2| Similar to the question-based examples, the statement and the API
call are concatenated to form the full input sequence. Also the loss function is applied only to the
API segment, since the first part is provided by the controller.

We opted to use the Instruction-following Alpaca-7B model [Taor1 et al.| (2023) as a base model
for our finetuning. To execute the training in a resource limited setup, we use low-rank adaptation
(LoRA) Hu et al.| (2022). E] This parameter efficient measure allows us to finetune the base model
on a single A6000 48GB GPU.

4  QUALITATIVE RESULTS

In this part, we present the internal process and final output on multiple evaluation examples. These
examples were generated with the same procedure stated in First to demonstrate the importance
of our approach, we provide the same example to our base model (Alpaca-7B) in a zero-shot setting.

3The code for finetuning a llama-based model using LoRA is available at: |github.com/tloen/alpaca-lora
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Evaluation Example #1 (Zero-Shot Setting - Alpaca-7B):

% : You will be presented with one or a series of sentences about some people
and their relationship with a company. After that, for any given question you }lnstruction
should be capable of answering that based on the previous sentences.

Cyrus Alfred, Tia Batres, and Pasquale Ballif are customers of Pfizer. Dorothea }Relationshipsentences
Altemus is employed by Pfizer.
Question: Who are employed by Pfizer?

} Question and prompt for the answer
Answer:

LLM output to the User:
Cyrus Alfred, Tia Batres, and Dorothea Altemus. X

Evaluation Example #1:
L : Cyrus Alfred, Tia Batres, and Pasquale Ballif are customers of Pfizer.

LLM Response to Controller:
[MEM_WRITE{Cyrus Alfred>>customer of>>Pfizer}][MEM_WRITE{Tia Batres>>customer of>>Pfizer}][MEM_WRITE{Pasquale
Ballif>>customer of>>Pfizer}]

{Cyrus Alfred>>customer of>>Pfizer}
{Tia Batres>>customer of>>Pfizer} Controller % Memor\/
{Pasquale Ballif>>customer of>>Pfizer}

2L : Dorothea Altemus is employed by Pfizer.

LLM Response to Controller:
[MEM_WRITE{Dorothea Altemus>>employed by>>Pfizer}]

{Dorothea Altemus>>employed by>>Pfizer}}— Controller — % Memory

4 : Who are employed by Pfizer?

LLM Response to Controller: .
T ey g SN —| controller — % Memory {Dorothea Altemus>>employed by>>Pfizer}

LLM Full Input: (User Prompt + MEM_READ Call + Memory result passed by the Controller)
Who are employed by Pfizer?[MEM_READ{>>employed by>>Pfizer}:{Dorothea Altemus>>employed by>>Pfizer}]

LLM final output to the User:
Dorothea Altemus is employed by Pfizer. O

Figure 3: An example that has an incorrect result in a zero-shot setting and a correct one in our
approach. Note that in the zero-shot setting the model has direct access to the information required
for answering the question in its input and still end up with an incorrect answer. However, in our
approach each of the user prompts could be given to the RET-LLM in separately. Another example
is mentioned in the appendix Figure El

The input would be a short instruction for the task, the informative sentences from the example and
in the end is the question. As shown in Figure 3] the zero-shot result from the instruction tuned
model is clearly incorrect. While the model does have all the information in its context, its still
produces an incorrect response.

In thie same example, the RET-LLM first stores the extracted triplets from the examples into the
memory. After storing the extracted relationships, the RET-LLM could respond to the same question
even without having the information in the input. With the help of the memory-API and the memory
itself, the relevant triplet is found. The LLM manages to answer correctly after appending the query
result to the memory call.

One potential use cases of our approach is in answering questions that have a temporal context.
For example, the presidency of the United States undergoes a change every 4 to 8§ years. A normal
PLM model answers the question about the presidency based on its own training data. While model
retraining or parameter editing has its own challenges, our approach could provide an easy and
interpretable solution for this issue (Figure [).

5 CONCLUSION & FUTURE WORK

In this work, we introduced a RET-LLM capable of storing information and retrieving it in further
use. With a triplet based memory structure, information are stored in relationships between two ar-
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QA Example (Alpaca-7B):

4 : Question: Who is the president of the United States?
Answer :

LLM output to the User:
Barack Obama. X

QA Example:

% : Who is the president of the United States?

LLM Response to Controller: . ;
[MEM_READ{>>president of>>United States}: g Gl % HIEmER {Joe Biden=-president of>-United States)

LLM Full Input: (User Prompt + MEM_READ Call + Memory result passed by the Controller)

Who is the president of the United States?[MEM_READ{>>president of>>United States}:{Joe Biden>>president
of>>United States}]

LLM final output to the User:
Joe Biden is the president of the United States. O

Figure 4: Asking a question which requires temporal context usually leads to an outdated answer as
shown here with Alpaca. However, in our RET-LLM with the aid of a modifiable memory, these
questions could be answered by simply providing a updated memory entry.

guments with a known relation. The memory could be utilized via a memory-API which is generated
by a finetuned LLM. Using a controller, all components could communicate with each other and the
user would interact with the controller being unbeknown of the behind process. We have shown that
the LLM generates the proper API calls in some question answering examples without having the
information in its input context. As this work is still under development, in our next revision we will
add a more in-detail empirical evaluation, preferrably on a real dataset. We also seek to improve our
finetuning method to a more generalized setting so that it could be capable of working with more
types of informative relations.
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Evaluation Example #2 (Zero-Shot Setting - Alpaca-7B):

2 : You will be presented with one or a series of sentences about some people
and their relationship with a company. After that, for any given question you }Inslruction
should be capable of answering that based on the previous sentences.

Mozella Baima and Modesto Baichan are employees of ExxonMobil. Maryjane Bachand . .
and Willian Beasmore are employees of BMW. Willian Banik is a customer of BMW. Relationship sentences

Question: Who are related to BMW?
Answer : } Question and prompt for the answer

LLM output to the User:
Mozella Baima, Modesto Baichan, Maryjane Bachand, and Willian Beasmore are all employees of BMW. x

Evaluation Example #2:
2 : Mozella Baima and Modesto Baichan are employees of ExxonMobil.

LLM Response to Controller:
[MEM_WRITE{Mozella Baima>>employed by>>ExxonMobil}][MEM_WRITE{Modesto Baichan>>employed by>>ExxonMobil}]

{Mozella Baima>>employed by>>ExxonMobil} ( \
{Modesto Baichan>>employed by>>ExxonMobil} L Controller

L : Maryjane Bachand and Willian Beasmore are employees of BMW.

LLM Response to Controller:
[MEM_WRITE{Maryjane Bachand>>employed by>>BMW}][MEM_WRITE{Willian Beasmore>>employed by>>BMW}]

{Maryjane Bachand>>employed by>>BMW} ( )
{Willian Beasmore>>employed by>>BMW} L Controller J

% : willian Banik is a customer of BMW.

LLM Response to Controller:
[MEM_WRITE{Willian Banik>>customer of>>BMW}]

{Willian Banik>>customer of>>BMW} }— Controller % Memory

% : Who are related to BMW?
LLM Response to Controller: © ? {Maryjane Bachand>>employed by>>BMW}
— Controller Memor {Willian Beasmore>>employed by>>BMW} }
[MEM_READ {>>>>BMW} : S J &8 i {Willian Banik>>customer of>>BMW}

LLM Full Input: (User Prompt + MEM_READ Call + Memory result passed by the Controller)
Who are related to BMW?[MEM_READ{>>>>BMW}:{Maryjane Bachand>>employed by>>BMW};{Willian Beasmore>>employed
by>>BMW}; {Willian Banik>>customer of>>BMW}]

LLM final output to the User:
Willian Beasmore, Maryjane Bachand, and Willian Banik are related to BMW. o

Figure 5: Another evaluation example that has an incorrect result in a zero-shot setting and a correct
one in our approach.
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