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Figure 1: The figure illustrates how users reuse memories for future generations by interacting with Memolet, the reification of
memory reuse. (A) Our system initially embeds and projects all users’ conversations to the long-term memory repository. (B)
Users can search, recall, and extract Memolets from this repository and transfer them to the curated memory sandbox. (C) This
sandbox supports users in organizing and schematizing Memolets based on their own sensemaking. (D) Finally, users can reuse
these Memolets by referring to them in the prompt and (E) refine the generation through direct manipulation.

ABSTRACT

As users engage more frequently with Al conversational agents,
conversations may exceed their “memory” capacity, leading to fail-
ures in correctly leveraging certain memories for tailored responses.
However, in finding past memories that can be reused or referenced,
users need to retrieve relevant information in various conversations
and articulate to the Al their intention to reuse these memories. To
support this process, we introduce Memolet, an interactive object
that reifies memory reuse. Users can directly manipulate Memolet
to specify which memories to reuse and how to use them. We devel-
oped a system demonstrating Memolet’s interaction across various
memory reuse stages, including memory extraction, organization,
prompt articulation, and generation refinement. We examine the
system’s usefulness with an N=12 within-subject study and pro-
vide design implications for future systems that support user-Al
conversational memory reusing.
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1 INTRODUCTION

Recent advances in generative Al-driven conversational agents have
become a common method for users to perform tasks in various
domains [55]. As users engage in more conversations and share ad-
ditional details, they may discover valuable contextual information
scattered at multiple previous conversations that can enrich their
current conversation with the AI [30, 50, 67, 74]. In such scenarios,
users encounter difficulties in resuming their conversations from
where they left off, as the model may not consistently retain all
pertinent memories [50, 92]. To address this issue, it is important
to enable the reuse of “memories”—past conversations between
users and generative Al [8, 31, 93]. Reusing these memories helps
users reduce the need for time-consuming prompt engineering
from scratch [21, 87, 88], ensure the generated results are trustwor-
thy [57], and tailored responses to the particular context without
hallucination disconnected from the memory [32, 77].

However, users face challenges in reusing memories due to the
opaque nature of how current Al-driven conversational agents han-
dle memory [31, 89, 98]. Users lack understanding of how much in-
formation is memorized by the Al and have limited control over the
memory management strategies of these Al-driven conversational
agents [8, 31, 93]. Additionally, users have difficulty discerning
which memories are being used for generation, which hinders their
ability to assess if the model accurately reuses desired memories
for the current task [23, 51, 54, 95]. Therefore, to gain control over
Al generation and to ensure that specific prior memories are reused
without hallucinating, users often need to sift through numerous
pairs or prompts/responses to find the relevant context and man-
ually copy and paste it into the new conversation with Al This
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process can be quite challenging and time-consuming, as it requires
users to make sense of and recall memorig8 @9 65 81], extract
relevant memories from various conversatior L1, 28, organize
and integrate these memories based on their usalgge§4], specify
how Al should reuse the memorie®4], and iterate on this process
until the generation satis es the users' needs [48, 79].

This research aims to explore designs that enable users to have di-

rect control over how they want to reuse memories during conversa-
tions with generative Al. Derived from prior theories on knowledge
reusing [2], information foraging [68 69 and knowledge external-
ization [56, we identi ed several challenges and design guidelines

to support users across the stages of the memory reusing process.

We introduce a novel concepiemoletwhich rei es the notion

of reusing memoriesom past conversations with generative Al
(Figure 1)Memoletis an interactive rst-class object that enables
users to specify what and how the memory should be reused by
direct manipulation. Users can begin by searching and extracting
relatedMemoles from a long-term memory repository consisting
of all past conversations with Al to specify what memories should
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it [5, 20. These systems have proven bene cial for individuals or
groups in sensemaking information to accomplish assigned tasks.
Recent works have also introduced systems to support the sense-
making of LLM-generated contenB[l]. These systems support
users in exploring and organizing generated results by breaking the
linear structure of conversational interfaces and providing a curated
space for users to make sense of the generation. This organization
and structuring of information serve as a vital initial step for users
to e ciently reuse the information [22 5§. Building upon this
prior research, our work extends the focus on understanding and
supporting the process of user-Al conversational memory reuse.
We grounded our proposed memory reuse stages and design guide-
lines (Figure 2) with the existing theory of knowledge reusing [2],
information foraging and sensemakin®@ 69 and knowledge ex-
ternalization [66. By operationalizing these design guidelines into
our system, we aim to sca old users' sensemaking of memories
before reusing them in new conversations with generative Al.

2.2 Memory Reuse in Al-Conversational Agents

be reused for the current task (Figure 1.B). Then, users can organize || Ms have become an essential building block of current Al-driven

and schematize these extractdtbemoles within a curated space,
externalizing their thoughts on how these memories are related (Fig-
ure 1.C). Afterward, users can articulate prompts referencing these
Memoles to specify how they should be reused. Finally, users can
re ne the Al generation by manipulating the referencédemoles

to align with their intentions (Figure 1.D&E).

We evaluated our system through a two-phase within-subject
study involving 12 participants who regularly converse with gener-
ative Al. We demonstrate the versatility dflemolein three distinct
scenarios (i.e., expository writing, programming, and travel plan-
ning), wherein participants were tasked with interacting with both
our system andaselineén phase two, reusing conversations gath-
ered from phase one. Our ndings suggest that our system can
help participants recall memories, reduce their cognitive load in
organizing multiple memories, have greater perceptual control over
the generative process, and be able to express how they wish to
reuse memories. Overall, this paper explores the concept of memory
reuse as an interactive object and an interactive system in which
users can interact with thesblemoles to express their intentions.

2 RELATED WORK

We review prior theories and systems related to information and
knowledge reuse, current methods for factual text generation and
techniques for managing memory in Al-driven conversational agents.

2.1 Information Sensemaking and Reusing

Reusing information and knowledge is common across various
elds like writing [ 16 82, programming [L9 46, and web content
managementT1, 9€, especially in collaborative settings where
knowledge dissemination is cruciab 6. Previous studies in
information sensemaking have developed systems aimed at facil-
itating the preceding stages of knowledge reuse as proposed by
Markus [2]. Mapping out these systems to the process of knowledge
reuse includes capturing or documenting knowledg® 11, 2§,
packaging it for reuse §, 11, 2§, and distributing and reusing

conversational agents due to their human-like response genera-
tion [13. However, current LLMs often are limited to handling
long-term memory B7, 72 77 and remain opaque about how they
use longer contexts in downstream tasksJ 92. As a result, users
may nd it challenging to resume previous conversations where
they left o and may need to manually copy and paste related mem-
ories for the Al to anchor to the correct context for the generation.
Several conversational management strategies have been proposed
even before the widespread adoption of transformer-based lan-
guage modelsd4, including techniques for retaining the persona
of chatbots 1, 97. Other methods have also been suggested to
guarantee that the responses generated are contextually appro-
priate, such as summarizatior8f and re nement [99, aiming

to minimize redundancy while maintaining essential information.
Moreover, relevant memories can be retrieved utilizing information
retrieval techniques to contextualize current inputs to 28,126 93.
However, the process of remembering remains complex for ma-
chines @4, 85, requiring human interventions to control the reuse

of memory. Further, current Al-driven conversational agents en-
counter challenges in navigating diverse and complex conversations
[25 83 90, require users to go back and forth between di erent
conversations to collect the needed memories for reuse.

Despite improvements in memory-augmented generation, users
often lack a clear understanding of how generative Al and con-
versational agents handle memorie31]. Current tools focus on
accessing and editing chat histories to manage conversational mem-
ories [31, 61). Our work shifts the focus from managing histories to
supporting memory reuse. We transform conversational memories
from static text entries into dynamic, interactive objectdemoles,
enabling users to retrieve, review, and directly manipulate these
memories to express their intentions for reuse.

3 SCENARIO AND DESIGN GUIDELINES

To elucidate the motivations underlying the design kfemoletwe
walkthrough an example scenario of how a programmer interacts
with conversational Al, which presents several kfg] hallenges
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Figure 2: User-Al conversational memories reusing process with four Design Guidelines and Challenges. The rst three stages of

memory reuse are derived from the foraging loop within the information sensemaking process [

69, outlining the processes of

users seeking information, searching and ltering it, and reading and extracting information. Additionally, we draw inspiration
from knowledge externalization strategies, where users extract, organize, and integrate pieces of information to sca old the

comprehension process [ 35]. These stages are further mapped to the knowledge reusing framework [

capturing and documenting knowledge, packaging and distributing

across di erent stages of memory reusing derived from the theory
of knowledge reusing?], information foraging [68 69 and know!-
edge externalizationd§. Aligning with these challenges, we then
introduce[D esignG]uidelines for crafting systems that support
conversational memory reuse (Figure 2).

3.1 Motivating Scenario
Consider a programmer, Alicia, who is asked to preprocess and

2], which encompasses
knowledge, and reusing knowledge.

[C4] Re ning Generation without Control . Alicia may in-
struct the Al to modify, remove, or combine memories from various
sources to re ne responses. She might request the Alinalude
the low-pass lter code into the pattern search technique from DTW
and add visualization steps from [Source XfHawever, this ap-
proach is challenging as it requires precise articulation and a clear
understanding of how Al handles these provided contexts. Without
this understanding, Alicia can not discern the reason for an incor-

visualize a time series dataset. Having worked on the same datasets rect generation or how to rectify it, potentially distracting current

before, Alicia aims to leverage past conversations with generative Al
about data preprocessing and visualization. However, this relevant
information is scattered across numerous previous conversations.

[C1] Extracting Memories without E ective Recall . Alicia
wants to reuse past conversations about time-series data prepro-
cessing. However, she must manually search through multiple con-
versations to nd relevant snippets, such as dynamic time warping
(DTW) and seasonal decomposition. Eventually, she nds snip-
pets from various methods but faces the tedious task of repeatedly
copying and pasting them into the current conversation.

[C2] Organizing Memories without Structural Aid . After ex-
tracting memories, Alicia must reinterpret them for reusg3. She
might categorize them based on their suitability for speci c tasks,
like handling seasonal patterns. However, Alicia is constrained to
structuring the usage of these memories within a small input box.
Without space for organizing memories hampers her to categorize
them according to relevance and fully understand these memories.

[C3] Articulating Memories Usage without Sca olding . Ali-

cia aims to synthesize results aggregated from various memories
from past conversations. However, expressing her intentions solely
through words poses a challenge. She can only use keywords to
reference the memory and lacks certainty if these keywords will
guide the Al accurately. A single prompt might contain indications
of which memories should be reused, how they should be reused,
and Alicia's overall expectations for the generation.

models and impacting future interactions [77].

3.2 [DG1] Interacting with Memories at
Multi-Layers

Overall, Alicia's process of reusing memory involves multiple layers
(Layer1-3 in Figure 2). First, slsearchesandextracts memories
that might be related to her current taskRClayer). After extract-

ing relevant memories, sherganizes and schematizes them in

a curated space, grouping them according to themes or subtopics
(22 layen). Then, shearticulates her synthesized thoughts and
insights into natural language prompts for the Al, guiding it in
generating code that matches her intentiogf¢ layer). Notice the
F3Jayer involves an iterative process where Alicia mustne

the generation until she is satis ed.

This multi-layered interaction mirrors how humans cognitively
encode and retrieve memories from the past. Inspired by the Atkinson-
Shi rin Model [ 7] and Baddeley's Model of Working Memoryrg,
we aim to design the interaction wittMemoleinvolving multiple
layers as well, progressing from long-term memon¥¢layer) to a
central executive space that controls working memorieS (layer).
This process is complemented by the episodic bu et¥layer),
serving as a temporary storage that retains integrated memories
from various sources. Next, these extracté@moles transition to
acurated spagsvhere users can actively organize them based on
their own reinterpretation of how these memories should be reused.
Lastly, we employ the metaphor of agpisodic bu etto retain the
results from the curated space, allowing users to apply them in the
input box of the chat and serve as the context for the generative Al.
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Furthermore, we explore several interaction designs to assist users prompts to generate code with a speci c pipeline that reuses mem-
in navigating through di erent layers, thereby easing the cognitive  ories from noise reduction, pattern search, and visualization, she

burden of context switching. should be enabled to e ectively add and remove memories based on
her current input to Al. Additionally, she should be able to adjust

3.3 [DG2] Provide Visual Cues to Recall and the usage of memories after validating the generation. For instance,
Extract Memories if the generation does not include the low-pass lter step within

Memory recall is the prime requisite for e ectively reusing mem- the dynamic time-warping function, she can directly convey the

ories in future conversations with Al43. With the exponential idea of combining these two memories with ease.

growth of conversations serving various purposes, it has become

challenging for users to recall where speci c conversations are 4 SYSTEMDESIGN

located and retain the low-level detail of the memory. In the above Our design process follows a user-centered iterative approach in-
scenario, Alicia recalled several memories about time series data pre- volving four frequent users of Al-driven conversational agents, all
processing that might be suitable for reuse. However, the exact mem- of whom use such systems daily (3 males, 1 female; aged 21-34,
ory may not contain keywords likedynamic time warping, but " =268 ( =312). Based on feedback, we validate the challenges
encapsulated in a functioruclidean_distance_matrix(x, y) . and operationalize the design guidelines above. Major iterations
Therefore, the design dflemoleshould incorporate crucial mem-  (Appendix A.1), including the integration of latent space into the
ory anchors that facilitate easy recall of memories. Considering that linear chat interface, were implemented. However, participants
memories may scattered across various conversations, our design reported the need to use an external notebook application to exter-
aims to support users in recalling and extracting memories based on nalize their thoughts. Another low- delity prototype revealed that
their semantic meaning, eliminating the need to navigate through  10ng-term memory space and sensemaking space should be sepa-

numerous conversations to nd relevant memories. rated, as the memories are interacted with for di erent purposes.
3.4 [DG3] Flexibly Externalizing Users' 4.1 Reifying the Reuse of Memory
Sensemaking Results about Memories To support users expressing intentions of memory reusing, we reify

the reuse of user-Al conversational memory apersistentinterac-

tive, rst-class objectalledMemole{10,27. A Memole{Figure 3.C)
represents a piece of past conversations users have had with Al,
which may include one or multiple prompt/response pairs based on
their semantic similarity. Speci cally, we encode all conversations
(pairs of prompts/responses) through sentence embedding to cap-
ture semantic similarities between conversations. When aggregat-
ing consecutive prompt/response pairs intdéemoletconsidering
both temporal relationships and semantic similarities between them

As users extract multiple memories potentially applicable to new
conversations, they encounter the challenge of managing them
cognitively [45 47]. To mitigate this, our design aims to external-
ize users' thought process of reusimddemoles, encompassing the
organization and integration of memories from various sources
to align with their reuse intentions. This memory organization
stage aligns with the knowledge externalization strategy steps,
involving selection, organization, and integratiod’ 56. By lever-
aging knowledge externalization strategies, users can record their | X .
thought processes usingersistenand manipulablerepresenta-  (APPendix A.2.1). Users can interact with theliemoles to convey
tions [15 18 35. While various representations can operationalize th_elr intention of reusing memories WIthI!‘l their new conversations
this externalization process, graphical representations are more ef- With agents . To enable users to exibly repurpose the usage
fective than simple note-taking7Q 80. Additionally, maintaining of Memoletaccording to their needs in di erent scenarios’§j,
exibility in representing users' sensemaking results on memories Ve uni ed the design ofMemoles, with variations only in colour,
is important due to the diversity across tasks and users. keywords, and icons.

4.2 System Overview and Multi-Layer
Interaction with Memolet [pG1)

In the system, we design the user interaction wikhemoletat mul-
tiple layers based on di erent stages of memory reusing described
in Figure 2. Here, we provide an overview of the system and in-
teractions withMemolet Detailed techniques applied from natural
language processing (NLP) and information retrieval (IR) in our
implementation will be described in Section 4.6.

3.5 [DG4] Aligning Users' Intentions to Reuse
Memories by Direct Manipulation

In considering the intention behind reusing memories with Al
through memory manipulation, we draw from Elizabeth Loftus'
reconstructive memory theoryd3. This theory suggests that mem-
ories are not precise replicas but are reconstructed during recall,
implying that users may reuse memory for various purpos&§|[
Consequently, we conceptualize the interaction wittMemolets X X
a form of semantic interactiong4, 7§. Here, the manipulation of . Acco_rdlng_ to DG1, we _propose a multi-layered approach for
Memoles serves to convey how users intend the memories to be INteracting withMemoles. First, users accessomg-term memory
reused. Given the diverse semantic meanings assigned by individ- "€POSitory containingMemoles, where they carsearcrend recall

ual users, interactions wittMemoles should allow users to create, memories using visual cues like keywords and summarizations

modify, delete, and integrate memories based on their intentions (Figure 1.B). Users can select amdractrelevantMemoles and
to iterate on the generation. For example, when Alicia articulates then pass to aurated memory sandbox , serving as aspace for
organizingand schematizing them based on users' interpretations

of how they should be reused (Figure 1.C). Users can move around
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Figure 3: Long-Term Memory Repository. (A) Users can utilize semantic search to nd related

parameters to re-cluster or modify the bin size of Memolet (C)
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Memoles; (B) Users can adjust
Each Memoletis accompanied by visual cues such as icons,

keywords, clustering colors, and summaries; (D) Each Memoleimay contain one to many pairs of prompts/responses based on

semantic meaning.

theseMemoletand group related memories together based on their
understanding. Lastly, users can reference these curitenholes in

the input box whenarticulatingthe prompt to converse with agents
(Figure 1.D). The Al-generated content also provides references on
how it used these memories. We refer to thelkeemoletpassed

to the Al as contexts in thememory bu er , allowing the user

to adjust their utilization by direct manipulation throughout the
iterative generation process. Users can furtmeme the generation

by manipulating theMemoles, such as merging, emphasizing, or
adding/removing memories (Figure 1.E).

4.3 Memories Recall and Extraction [Layer1/DG2]

The process of reusing memory begins with the recall of rele-
vant past conversations with the Al. To facilitate memory recall,
we provide various cues to users. Textual summaries are o ered
for each conversation utilizing the OpenAl gpt-3.5-turbo (Appen-
dix A.7.4) B2, providing insights into their content and the usage
of speci c Memolet(Figure 3.D). We also extract keywords for
individual Memoles and clusters using the TF-IDF vectorization,
highlighting signi cant terms within the conversations (Figure 3.C).
Additionally, unique IDs are allocated based on their location (e.g.,
ID: G ~ refers to theMemolett columnGand row~). EachMemolet

over conversations to view additional details about their content
via tooltips.

To help users easily understand the holistic view of all memories
across various conversations, we visualize all embedded conversa-
tions within a long-term memory repository by reducing dimen-
sionality via UMAP. By employing sentence embeddings, users
can extract relatedMlemoles e ectively since conversations with
similar themes appear adjacent to one another. We further leverage
the K-means algorithm to clustevlemoles based on their content
similarities to colour code thes®lemoles. For instance, consider a
student named Celine who is planning a trip to Hawaii using our
system. She can extract memories relateeveter sporby selecting
all coral-colouredviemoles besides demoletrepresenting scuba
diving and snorkeling (Figure 3).

Additionally, we include a semantic search feature that allows
users to search foMemoles based on their queries (Figure 3.A). As
users type their query, we dynamically encode it and compute the
cosine similarity against the storeblemoles. RelatedVlemoles are
then highlighted with exact sentences extracted from the original
prompts/responses in the conversations that closely match the
search query. Users can also adjust the binning size ofMleanolet
thereby modifying the threshold to include more or fewer pairs

is assigned a unique icon as well, selected based on the most seof prompts/responses within Memole(Figure 3.B). This binning

mantically similar icon to its contained conversations. We achieve
this by utilizing the same Sentence Transformer model for encod-
ing Memoles to encode the name of icons into dense embeddings,
calculating similarity using cosine similariff; Users can also hover

1The icon data is provided by the Full icon Image Dataset from Kaggle

mechanism is a common visualization method for dealing with
large amounts of data points to reduce users' cognitive 1088.[
The long-term memory repository is presented as a toggleable
drawer, and users can navigate between this repository and the
curated memory sandbox via a toggle button (Figure 4.A). When
users add or remov&lemoles$, an animation displays the newly
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Figure 4: The Curated Memory Sandbox. (A) Users can organize and schematize the extracted Memoles from the repository

based on their own sensemaking results; (B) All movement will be snapped to the active grid; (C) When multiple

Memoles get

closer, they will be grouped together; (D) Users can extract Memoles from prompts/responses or selected text.

added or removedlemoles in the curated memory sandbox, while
maintaining their original positions in the repository.

4.4 Memories Organization and
Schematization [Layer2/DG3]

We provide a curated memory sandbox for users to externalize
their sensemaking results of theddemoles extracted from the
long-term memory repository, o oading users' cognitive load.

Drag & Drop. The sandbox is populated withactive grids
where Memoles can be positioned, rearranged, and resized. All
interactions with theseMemoles will snap to the active grid. For
example, when the user dragshdemoletthe system provides feed-
forward via a shadow to tell the user that the nearest active grid
will snap to it; users can release the mouse and drop it onto that grid
(Figure 4.B). Additionally, users can drdfemoles into a cornered
delete area to remove certain memories.

Grouping Similar Memories . In this curated memory sandbox,
the background is partitioned and coloured according to groups
determined by the similarity of thes&lemolet using the Voronoi
diagram. For example, if Celine seledemole$ about tourist spots,
restaurants, and tra c, the background colour will display three
di erent colours, separating theviemoles. When users drag the
Memoles, the background colour and partition dynamically update.
In Figure 4, Celine is dragginglemoled_otowards anothetMemo-
leto_3 which is indicated by a feedforwarded white border and glow
e ect. When Celine drops théVlemoled_q both Memoles are then
partitioned into another group, indicated by a di erent background
colour. A summarization of alMemoles in this group is then gener-

ungrouping mechanism is activated when\demoled_ois dragged
away beyond a threshold from othévilemole$, theMemolet_owill
automatically be removed from its original group and assigned the
background colour of the original group. This grouping feature is
helpful when Celine wants to create subgroups, such as separating
water sports from tourist spots.

Extracting Memories at Di erent Granularity . The user can
extract a childMemolet pair of prompt/response from aMemolet
(Figure 4 Memolet_g. Users can drag this chilMemoletiisted
beside the parenMemoletand then drop it onto any active grid.
Clicking on theMemoletlso displays the associated conversation
beside the memory sandbox, allowing users to extract sentences
or code snippets from original prompts/responses to create a new
MemoletFor instance, if Celine clicks onemolet_2containing
multiple conversations about Hawaii's tourist spots, she can pick
one childMemoletbout the resort and turniitinto a newlemolet_g
Later, she might want Al to provide the accommodation details in
the resort, so she clicks oMemolet_g selects and drags related
text to the sandbox and create a neMemolet_s-1(Figure 4.D).

4.5 Generating with Memories [Layer3/DG4]

After organizingMemoles based on users' interpretation of the
usage of these memories, users can begin udfiegnolets contexts
provided for conversational agents (Figure 5).

Articulating a Prompt with Memories . When sent a prompt,
the system will retrieve related contexts from all memories in the
sandbox for generation (Section 4.6.1). Users can typ@&inand
traverse through theMemolet among the curated space to refer

ated by GPT-3.5-turbo (Appendix A.7.4) and displayed beside. The to them inside the prompt (Figure 5.A). For example, Celine can

6
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