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Personalized services in smart environments based on historical context have become an important demand. A promising
direction is to leverage the strong reasoning abilities of Large Language Models (LLMs). However, enabling personalization
requires persistent context memory. The key challenge lies in how to efficiently organize long-term device and sensor logs,
and how to extract user behavior patterns and preferences from them. To address this challenge, we propose MemAura, a
memory management system for smart environments. MemAura consists of three core modules: (1) Memory Graph Manager,
which efficiently organizes contextual memory, supports fast retrieval, and provides user patterns and preference information
to the LLM; (2) Periodic Pattern Predictor, which predicts periodic behavioral patterns and preferences at a given timestamp;
(3) User Profiling Scheme, which transforms commands into explict intent units and incrementally updates and forgets
high-level profiles over time.

We evaluate MemAura against multiple baselines across two command datasets. With GPT-4o as the backbone, it achieves
100% accuracy and 38%—-43% personalization rate. When deployed with lightweight local models, MemAura still achieves up to
95% accuracy, with an average personalization rate of up to 37.5%. However, when using the same lightweight LLM, vanilla
only achieves 28%-56% accuracy, with a personalization rate of at most 21%. Vector-RAG achieves 54-83% accuracy and up to
25% personalization with lightweight models. While it outperforms vanilla, it still lags behind MemAura. The results show
that MemAura maintains high accuracy and personalization across LLMs of different sizes, with practical token usage and
latency. We also conduct a series of experiments to validate the robustness of MemAura. A user study with 8 participants
further confirms its usability. The participants comprehensively experienced and evaluated its superior performance and
service quality. Our work enables LLMs to better understand user intent and efficiently extract patterns and preferences from
contextual memory, thereby making smart living spaces more efficient, context-aware, and user-centric.
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1 INTRODUCTION

Enabling a truly intelligent living environment has long been a visionary pursuit, with intelligent assistants [1,
2, 13, 50] such as Alexa and Siri representing early efforts toward this goal. They handle explicit commands
effectively, for example, “Lower the living room air conditioner temperature by two degrees”. However, they often
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Fig. 1. Overview of a usage scenario. MemAura derives its memory from raw logs and is able to distill and predict behavior
patterns and preferences to respond to user commands. After each interaction, MemAura further updates the user profile
based on the response outcome, allowing the system to adapt to the evolution of the user’s habits.

struggle with vague or compound requests such as “Let’s start the evening routine”. Such commands neither
specify the target devices nor the intended actions and lack a single definitive response, making it difficult for the
system to accurately infer user intent. If a human butler were to respond to a similar request, he would infer the
employer’s specific needs based on an understanding of their preferences and daily habits. For instance, knowing
that “today is Thursday, and the employer usually watches football and drinks beer on evening”, the butler would
quickly identify the relevant devices and take actions according to the contextual semantics of the request. Such a
response is inherently personalized, enabled by the butler’s deep understanding of the employer, by the expense
of employing one. Our goal is to develop an intelligent system capable of achieving a similar level of contextual
reasoning and personalized adaptation, as shown in Fig. 1.

Recent advances in Large Language Models (LLMs) have demonstrated promising reasoning capabilities to
enable personalized services. Several studies [31, 49] have explored this on individual personal devices such as
smartphones, where user interaction histories are well organized and stored, enabling LLMs to extract preference
patterns and reason about personalized responses. However, extending such personalization to an environment
remains more challenging and less mature. Existing efforts [15, 23, 28, 42] primarily focus on interpreting user
commands based on the immediate environmental state, with limited attention to effectively managing historical
user interactions across multiple devices or systematically distilling user preferences to deliver more tailored
responses. Based on our investigation, we identify three key challenges in enabling a smart environment capable
of understanding user preferences and delivering personalized services in response to user commands.

e CH1: Multi-user Multi-device Interaction History Management. To deliver personalized services,
it is essential to record user behaviors and operations in an organized manner. User interactions on a
personal smartphone can be continuously collected from a single device, however, interactions within a
smart environment involve multiple devices and exhibit inherent spatiotemporal characteristics. Moreover,
such environments are often shared among multiple residents. Therefore, an effective scheme is required to
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Fig. 2. A representative use case highlighting the importance of predicting periodic patterns is essential for delivering
personalized smart services. With explicit predictions of a user’s diverse periodic morning routines across different days, the
system can disambiguate identical yet underspecified routine-preparation requests, enabling accurate responses and the
proactive provisioning of appropriate resources for the corresponding set of routine events.

manage historical interaction traces across multiple users and devices, enabling LLMs to efficiently retrieve
precise and contextually relevant information when needed.

CH2: User-specific Preference and Pattern Distillation. As illustrated in Fig. 2, when the system has
explicit knowledge of a user’s preferences and periodic behavioral patterns across contexts (e.g., weekdays
vs. weekends), it can effectively disambiguate identical yet underspecified routine-preparation requests and
deliver accurate responses. Specifically, on a weekday, it predicts that the user typically sleeps until 8:30a.m.,
exercises for 10min, and then washes up before leaving for work. The system can therefore proactively
pre-provision resources for these routine events. In contrast, on a weekend, the predicted user behavior
exhibits a different pattern, e.g., waking up earlier to walk the dog, washing up, having breakfast at home,
and doing laundry, so the resources prepared should be correspondingly adjusted. Raw interaction logs
collected in smart environments can, in principle, capture comprehensive user information. However,
without effective distillation and an explicit prediction, they impose substantial burdens on downstream
reasoning models to identify user preference and infer periodic patterns, and often still yield unsatisfactory
performance. Our investigation as shown in Fig. 3 reveals a trade-off between LLM size and the precision
of the provided user preference context: supplying raw logs directly (vanilla in Fig. 3) in requires a powerful
LLM (e.g., an online API such as GPT-40) to infer personalized responses, whereas providing distilled
preference contexts (MemAura in Fig. 3) allows smaller LLMs to achieve comparable performance. Thus, it
is important to effectively distill explicit user preference and periodic patterns from raw interaction logs to
enable a locally deployable, more affordable, and privacy-friendly solution.

CH3: User Profile Management. Each user exhibits multiple dimensions of preferences, among which
certain preferences could be stable and reflect long-term habits, while others could be temporary and
may change rapidly. To enable LLMs to reason about and deliver personalized services effectively, an
efficient scheme is required to manage these preferences and dynamically adjust their priorities over time
in response to users’ evolving behaviors and issued commands.
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Fig. 3. A comparison of accuracy between vanilla (i.e., supplying raw logs directly) and MemAura. When employing a large-
scale LLM such as GPT-4o, both vanilla and MemAura achieve consistently high accuracy. However, when lighter LLMs are
used, the accuracy of vanilla drops sharply, whereas MemAura, benefiting from its well-structured and context-aware memory
management, maintains an accuracy level comparable to that of large-scale LLMs.

To address these key challenges, we propose MemAura, a system that enables persistent and personalized
context memory for LLM-based services in smart environments. To address CH1, MemAura features a Memory
Graph Manager, a graph-based framework designed to efficiently organize multi-user, multi-device interaction
histories as contextual input for LLM services. The graph structures all raw logs into a User—Device Temporal Event
Memory, enabling the LLM to quickly locate, retrieve, and extract relevant historical information. Furthermore,
two subgraphs, the Device and Activity Transition Preference Graph and the Device Function Usage Graph are
derived to better represent user-specific patterns, facilitating LLM reasoning. To address CH2, MemAura introduces
a Periodic Pattern Predictor, which extracts user-specific event sequences from the memory graph and applies
a BERT-based model to predict a user’s periodic preferences at a given timestamp, thereby providing more explicit
and context-aware guidance for LLM reasoning. To address CH3, MemAura introduces a User Profiling Scheme,
which consists of a two-tier user preference queue, a user intent decomposer, and an interplay mechanism between
intent understanding and profile updating. Specifically, upon receiving a user command, the system decomposes it
into a set of fine-grained intent units for sequential LLM reasoning. It then invokes the Periodic Pattern Predictor
to obtain the user’s current contextual preferences. After reasoning, preferences found to be useful are either
inserted into the user preference queue or promoted in priority if they already exist in the queue. Over time, the
queue’s top-k entries naturally form a dynamic user profile that captures the user’s representative preferences,
effectively guiding the LLM’s personalized reasoning and adaptive decision-making.

Our main contributions are summarized as follows:

(1) We identify the importance of managing user-specific interaction histories to enable smart environments and
highlight the key challenges involved. Accordingly, we propose MemAura, a system that enables persistent
and personalized contextual memory to enhance LLM-based services in smart environments.

(2) MemAura mainly features a Memory Graph Manager for efficiently organizing multi-user, multi-device
interaction sequences, a Periodic Pattern Predictor for inferring users’ most probable preferences at a given
timestamp, and a User Profiling Scheme for structuring and evolving users’ various preferences over time.

(3) We extend the existing living-space (smart-home) command dataset [23] by including richer commands
that require personalization, and we further construct a new command dataset for working spaces (smart
offices). Each dataset contains 40 explicit commands and 28 loose (underspecified) commands. In addition,
we build a memory-context dataset to diversely emulate user interaction histories in smart environments.
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The fidelity of our memory-context dataset is grounded in a real-world dataset [38]. We leverage an LLM
to enrich its diversity and then replay the generated traces in the VirtualHome physics engine [40] for
validation, retaining only those that satisfy real-world interaction logic and thereby ensuring the realism
of our dataset.

(4) We conduct a comprehensive evaluation to demonstrate the effectiveness and usability of MemAura. Using
our dataset, we evaluate how the precise contextual information provided by MemAura enables LLMs of var-
ious sizes, particularly smaller ones, to perform satisfying personalized reasoning within acceptable latency
and token cost. With GPT-4o as the backbone, MemAura achieves 100% task accuracy and a personalization
rate of 38%-43%. When using lightweight LLMs such as Qwen3-4B and Phi-2, MemAura achieves up to 95%
accuracy with an average personalization rate of up to 39%. However, the vanilla approach, directly feeding
raw logs into the model, despite achieving reasonably strong performance with GPT-40 as the backbone,
attains only 28%-56% accuracy and at most a 21% personalization rate when using lightweight LLMs. For
another baseline vector-RAG [25], with GPT-4o, it achieves accuracy comparable to vanilla and up to 30%
personalization, while lightweight models, it reaches 54-93% accuracy and 15-25% personalization rate.
While vector-RAG outperforms the vanilla baseline, it still falls clearly short of MemAura. In addition, we
design a series of stress tests to emulate real-world constraints, including cold-start scenarios with shorter
memory lengths, device outages, and logging noise (erroneous log entries). The results show that MemAura
remains robust under these conditions. Furthermore, our ablation study validates the effectiveness of each
individual design component, and we also recruit a group of participants to assess the personalization
quality and overall user experience.

2 MEMAURA DESIGN
2.1 Overview and Workflow

Fig. 4 presents an overview of MemAura. When a user command is received, MemAura first employs the Intent
Decomposer (§2.4.2) to segment the instruction into fine-grained intent units, which are then processed sequen-
tially. For each reasoning and service step, MemAura first queries the Memory Graph Manager (§2.2) to retrieve
contextual information, primarily by identifying highly correlated subgraphs as relevant context. In addition,
the system invokes the Periodic Pattern Predictor(§2.3) to obtain user-specific preference predictions for the
current moment. Finally, LLM also incorporates a high-level User Profile (§2.4.1), distilled from past interactions,
to generate adaptive and personalized responses for each intent unit. The responses are then integrated to
produce the final comprehensive output. After the reasoning process, a post-hoc procedure (§2.4.3) updates
the two-tier user preference queue. Preferences identified as meaningful are either inserted into the queue or
promoted to a higher position if they already exist, while outdated entries may be removed as the user’s habits
evolve. Consequently, the leading top-k entries in the queue dynamically evolve over time, serving as an effective
reference for subsequent reasoning and personalization.

2.2 Memory Graph Manager

Daily interaction logs in smart environments capture the preferences and habits of individual residents. Unlike
conversation-based user interaction data, interactions with smart devices inherently exhibit spatiotemporal
characteristics shaped by the user’s physical context and activity patterns. Motivated by this observation, we
design the Global Memory Graph, as illustrated in Fig. 5, an expressive and efficient structure that organizes raw
device logs to enable fast retrieval and contextual access. We further derive two subgraphs as shown in Fig. 6 to
explicitly characterize user behavior patterns, enabling more efficient querying and utilization. Memory Graph
Manager provides convenient interfaces for LLMs to retrieve precise contextual information, facilitating the
generation of personalized responses.
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Fig. 4. Overview of MemAura System. The system consists of three core modules: (1) Memory Graph Manager, which efficiently
organizes contextual memory, supports fast retrieval, and provides user patterns and preference information to the LLM;
(2) Periodic Pattern Predictor, which predicts periodic behavioral patterns and preferences at a given timestamp; (3) User
Profilling Scheme, which consists of a two-tier user preference queue and a user intent decomposer. It incrementally updates
and forgets high-level profiles over time.

2.2.1 Global Memory Graph Construction. We propose a directed and labeled heterogeneous graph G, constructed
from logs collected by smart devices and sensors. It includes eight vertex classes:

V= U Vi, X € {U,D, F,AC,E, I, AR}
X

These vertex classes denote users (e.g., Alice), devices (e.g., coffee machine), sensors (e.g., kitchen_entry_sensor),
functions (e.g., turn_on), activities (e.g., cooking), events (e.g., Alice cooks, Alice turns on the coffee machine),
intent (e.g., prepare for sleep in bedroom) and areas (e.g., kitchen), respectively. Thus, we define node attribute
function ¢y (Vx) = X. For events, the following attribute functions map each event to its timestamp in T and its
sequence number in N, respectively:

7:Vg > T,0:Vg >N

The graph edges E have nine classes and associated labels ¢z as shown in Table 1. The resulting graph G =
(V, tyv, 1, 0, E, £g) unifies static entities, such as devices, devices’ functions, residents, and routine activities, and
dynamic event node expansion along with their interplay.

Fig. 5 presents a partial view of the global graph G, showing several of its initial Event nodes as examples. Each
Event node records an interaction event. For example, event1 in the figure represents the event “Alice turns on the
kitchen light” Each Event node forms a unique directed cycle, either Event — Device — Function — User or Event
— Activity — User, which records every participant and detail associated with that event. For example, event1
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Fig. 5. An example of the structure of the global memory graph. The global graph stores the long-term interaction logs
shared among multiple residents. Each Event node represents an action recorded by a device or sensor, and forms a unique
directed cycle, thereby capturing all participants involved in that event. A Temporal Index is employed to enable fast retrieval
of specific events.

Table 1. Edge Types in Global Memory Graph.

Notations Specifics Label
Eop User — Device OPERATE
Enx User — Sensor TRIGGER
Eio (Device U Sensor) — Area LOCATED
Egx Device — Function EXECUTE
Epo User — Activity DO
Epo User — Intent WANTS
Egn (Function U Activity U Sensor) — Event GENERATE
Epg Event — User PERFORMED_BY
Enx Event — Event NEXT

corresponds to the unique directed cycle e;: Event — kitchen_light: Device — turn_on: Function — Alice: User —
ey :Event. By connecting these nodes with appropriate prepositions, the event can be expressed as the natural
language description “Alice turns on the kitchen light.” Since devices and sensors in a smart environment may be
distributed across different physical spaces, the graph G also includes a supernode called Area. Each Device or
Sensor node is linked to its corresponding area via an edge Eyo, distinguishing their spatial distribution. In a
nutshell, our graph design is LLM-friendly. All nodes and edges are semantically named, and the event cycles can
be converted into natural language descriptions containing complete contextual information, enabling LLMs to
efficiently access and interpret the underlying data.

2.2.2  Fine-grained Temporal Index. Over the graph G, we incorporate a two-level index I : D X H — Vg U L to
support efficient daily/hourly event retrieval. Specifically,

1(d, h)

argrrzl)in{z'(e) | 7(e) € [Tun, Tun+1)}

= 1, ifno such event e exists
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Fig. 6. An example of the structure of two derived subgraphs. The two subgraphs are generated from the global graph. The
left side is Device and Activity Transition Preference Graph, identifies the most probable next device operation or activity
on statistical transition probabilities. The right side subgraph, the Device Function Usage Graph, efficiently captures the
functions and parameter configurations that a user most frequently employs when interacting with Device i.

which maps a given date d and hour A to the first event in this duration, where T; , denotes the starting timestamp
of hour h on date d.

2.2.3 Device and Activity Transition Preference Graph. Each user’s event profile can be represented as a sequence
of device operations, sensor logs, and activity executions. Among these, device operations and activity executions
contain abundant contextual details, that encapsulate rich behavioral patterns and user preferences. While the
global graph G is comprehensive, it can sometimes be overly detailed, making it difficult to directly infer transition
probabilities between different operations and activities for a specific user. To enable the LLM to efficiently access
such statistical insights into user behavior patterns, we derive a Device—Activity Transition Preference Graph
G from the global graph G.

As illustrated in Fig. 6(a), this graph mainly includes device vertices Vp and activity vertices V4c. We examine
each edge {es, en} € Enx and identify the associated device or activity nodes connected to the endpoints. The
definition is as follows:

m(em) = v, ;m(en) = (]

where v;,0; € Vp U Vac. We then establish a directed edge (v;,0;) € E% and increment the associated edge
attribute w by 1 to reflect the transition frequency. The resultant graph G3 = (Vb U Ve, EX, w'{,) summarizes the
residents’ historical activity transition patterns, enabling the LLM to more easily extract meaningful information.

Fig. 6 illustrates an example of graph G = (Vp U V¢, E¥, w¥)’ and its usage, specifically, how the system can
efficiently answer an LLM query such as “What are the top 3 device actions or activities most likely to occur after
device i and activity j for Jonathan?” We first identify all device i or activity j nodes connected to the Jonathan
node, then locate the corresponding Device or Activity nodes involved in each adjacent event. The occurrences
are counted and ranked to obtain the most frequent transitions. As shown in this example, after using device i,
Jonathan most frequently interacts with the fridge (43 times), begins cooking (24 times), or uses the air purifier
(18 times). Such user preferences can be interpreted as individualized probability distributions. Therefore, the
nodes with the highest transition probabilities represent Jonathan’s Top-K preferences for subsequent actions
after operating device i.

2.2.4 Device Function Usage Graph. Different users may exhibit distinct preferences over various device functions,
even for the same device. To make such patterns more pronounced for LLM reasoning, we extract a user-specific
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device usage weighted graph Gy from the global graph G, as shown in Fig. 6(b). This graph primarily consists of
device vertices Vp and function vertices Vr. We consolidate all edges {vg,vr} € Egx with the same endpoints and
assign the edge attribute w as the total number of such edges, reflecting how many times user u has invoked
function f on device d. The attribution field within the metadata of each Function node is also weighted and
counted after each use, allowing the system to record more fine-grained preference settings.

For example, as illustrated in Fig. 6, when LLM queries Jonathan’s preferred functions and parameters for
device i, it can obtain this information directly from graph Gy. Specifically, all edges connecting device i to its
associated Function nodes are first ranked according to their weights. Then, the parameters within each Function
node are sorted by their own weighted frequencies. The resulting rankings represent Jonathan’s Top-K preference
settings for device i. In this example, the preferred configuration is setting the temperature to 24 °C and adjusting
to eco mode.

2.3 Periodic Pattern Predictor

Besides historical data recorded in above graph structure, to facilitate the LLM in generating personalized
responses, it is highly beneficial to know what the user is most likely to do at the moment a user command is
issued. This prediction task can be approached in multiple ways, for instance, by feeding all contextual information
into a LLM. However, considering inference cost, latency, and data privacy, we instead formulate it as a masked
token prediction task and train a lightweight Periodic Pattern Predictor to perform the prediction efficiently.
An overview of our design is illustrated in Fig. 7.

2.3.1 Predictor Training. Our basic idea is to adopt BERT [7] as the predictor backbone, leveraging its strong
capability to capture semantic dependencies. We then extract temporal-semantic information from the global
graph G to construct a domain-specific dataset for fine-tuning the base BERT model.

Specifically, as previously described, each event in the global graph corresponds to a specific timestamp and
encapsulates a complete set of entities and relations. Thus, we segment the global graph temporally into a
sequence of historical subgraphs G, ., , each representing events occurring within the continuous time window
from #; to t,. From each subgraph, we identify the entities requiring prediction (Device, Activity, and Intent) and
compile them into an entity list. Next, we perform frequency-based sampling over event cycles, assigning higher
sampling weights to entities that occur more frequently in the list. This process yields a time-ordered sequence
in which each event is represented as a quadruple (user, relation, entity, timestamp). We then transform each
quadruple into a semantically coherent sentence s;, formulated as:

s; = time, user relation entity

Multiple sentences s; are then concatenated in chronological order, with special tokens [CLS] and [SEP] added
at the beginning and end, respectively, to form a complete sample S, for BERT:

Sq = [CLS] s1, s2, ..., si. [SEP]

We apply a sliding time window to generate multiple such sample S, forming a domain-specific dataset used
to fine-tune the base BERT model to obtain our Periodic Pattern Predictor.

2.3.2  Predictor Inference Process. . As illustrated on the right side of Fig. 7, when a sequence of historical events
is known and the goal is to predict what Jonathan will do at a specific time, this can be formulated as a query q.
We define three types of such queries as follows:

qw(time,user) = time, user wants ?
qo (time,user) = time, user operates ?

qq(time,user) = time, user does ?
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Fig. 7. Overview of the Periodic Pattern Predictor. We perform frequency-based sampling over the behavioral cycles in the
global graph and compute the time intervals between sampled events to construct behavioral sequences. These sequences are
then organized into semantically coherent sentences, forming semantic sequences. The user’s potential action at a specific
time point is treated as the masked entity to be predicted within the semantic sequence. We extract all possible entities and
fine-tune them together with the semantic sequence by BERT. Finally, the Periodic Pattern Predictor can make the prediction.

The trained Predictor can processes a query g to make a prediction, denoted as Pf’q:
Pf’q = Predictor(Sy)

The prediction output is regarded as a user-specific periodic pattern, indicating what the user is likely to do at
a given time. Compared to invoking an LLM for such reasoning, our predictor is compact, efficient, and achieves
high accuracy as well. Moreover, since the entire process can be affordable in local severs, it mitigates risk of
privacy leakage using cloud services.

2.4 User Profiling Scheme

2.4.1  Two-tier User Preference Queue. From historical behavior records, multiple periodic patterns can be inferred
for a specific user. However, human behavior and preferences often evolve dynamically. For example, recent history
in the global graph may show that Jonathan usually watches football on Thursday evenings, while also enjoying
natural light and fresh air. Therefore, an effective structure is needed to capture various aspects of user preferences,
manage their priority and recency, and update them dynamically over time. Thus, as illustrated in Fig. 8, we
design a two-tier user preference queue composed of multiple entries that record user preferences. Meanwhile,
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Fig. 8. Overview of the Two-tier User Preference Queue. A user’s preferences cause certain behaviors to occur frequently,
which results in these behaviors becoming increasingly represented in the global graph, and thus more likely to be predicted
by the Periodic Pattern Predictor. These preferences also manifest in repeated command intents. After the LLM completes its
reasoning, it provides feedback indicating which preference items were adopted in the response. The Two-tier User Preference
Queue maintains a cache-like structure: each time the LLM reports a used preference item, that item is added to the queue.
If the item already exists, its priority is increased. The queue has a fixed size, so items that have not been accessed for a long
time are removed, that is, they are forgotten. The top-k remaining items after updating form the effective high-level profile
for the next round of inference. The update process is a background task performed by the LLM during system idle time.

the top-k entries are regarded as a high-level profile to characterize the user’s representative preferences, which
guide the LLM’s personalized reasoning and adaptive response generation.

2.4.2  User Intent Decomposer. To update the user preference queue accurately, we aruge that intent understanding
during system runtime is an essential component. To achieve precise intent interpretation, we design an Intent
Decomposer module, particularly aimed at handling ambiguous commands such as “Let’s start the evening routine”
mentioned earlier. This module decomposes a user command into explicit intent units. We employ a carefully
designed few-shot prompting strategy, as illustrated in Fig. 9, to guide the LLM in performing effective initial
intent decomposition. Given the strict output constraints, Intent Decomposer rarely generates the impractical
results observed in our evaluation. Nevertheless, we provide users with flexible options to audit and refine the
system’s inferences. As illustrated in Fig. 9, Intent Decomposer explicitly outputs intent units, then users may
execute all units or only a subset, or request a revision of a specific unit. After user confirmation, the reasoning
LLM processes the approved units in parallel and then merges the results into the final output.

2.4.3 Interplay Mechanism between Intent Understanding and Profile Updating. As illustrated in Fig. 8, in MemAura,
user intent reasoning drives the updating of the user profile, while a well-maintained profile, in turn, facilitates
more accurate and personalized LLM reasoning.

Specifically, after each intent inference, the system reflects on the process and identifies the preference
entries that contributed to generating the personalized response, either from the existing high-level profile or
newly discovered preferences provided by the trained Periodic Pattern Predictor. The system then updates their
order accordingly in the user preference queue. Newly identified preferences are inserted at a predefined place
(insert_place) near the middle of the queue to keep the representation timely and reflective of recent behavior.
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Input System Prompt

<user instruction> You are an Instruction Intent Decomposition Assistant. Your task is to analyze a single natural language instruction
_ from the user and decompose it into all possible intent units.

1. Identify every distinct intent implied or stated in the instruction. 2. Include both explicit and implicit intents
<weather> <user_location> 3. When applicable, infer logical dependencies between intents.

<time>

Few-shot Examples

Example #1 Example #2

Input: <I'm going to bed, 2025-01-01T23:05:00, sunny, bedroom> Input: <Make it less chilly in here, 2025-02-02T20:18:00, rainy, livingroom>
Output: [1] Prepare for sleep in the bedroom. [2] Shut down everything Output: [1] Increase temperature in livingroom [2] Ensure that rain do not
except bedroom. [3] Ensure nighttime safety. enter the house.

Task Examples

Input: <Let’s start the evening routine!, 2025-01-01T23:05:00, sunny, livingroom>
Output: [1] Activate the devices commonly used at night based on historical data. Execute ¢ User g

[2] Set a sleep reminder alarm for 11:00 PM.  Delete ¢ l Rechecking
[3] Ensure nighttime safety.  Revise: No need for now. I just remembered a friend’s coming over in an hour. (—'_'_

Revise: [2] Get ready to welcome the guest in about an hour. Execute €

Fig. 9. Prompt Design for Intent Decomposer. In some cases, an APl-based LLM may be employed to support this component;
therefore, to minimize the risk of privacy leakage, the input data are kept concise and free of any personal information. After
Intent Decomposer outputs the intent units, the user can audit them, deciding which units to execute or discard, and which
to revise by prompting the LLM to regenerate, thereby balancing automation with user control.

The queue has a maximum capacity (max_index). Adding a new item pushes all subsequent entries down, and
those exceeding the limit are removed, representing forgotten preferences due to long inactivity. For existing
entries, their priority is raised by one position in the queue. The top-k entries after each update form the next
active high-level profile used in subsequent LLM personalized reasoning. The parameters k, insert_place, and
max_index are tunable hyperparameters.

The rationale behind this interplay mechanism between intent understanding and profile updating is inspired
by the human short-term memory system: only a limited number of entries can be retained. Those that are seldom
reactivated gradually fade away, while those frequently activated persist over time. In our scenarios, if certain
behaviors are repeatedly performed by the user, they are captured in the global memory graph, allowing our
predictor to extract them as preferences. Similarly, if specific commands are frequently issued by the user, they
indicate potential preferences and are gradually promoted upward in the queue to form part of the high-level
profile. In our design, only preferences that persist and accumulate over time are considered part of the high-level
profile. It is worth noting that the system performs preference updating as a background task, introducing no
additional latency during inference.

3 EVALUATION

In this section, we conduct a detailed evaluation of MemAura. We begin by introducing the command dataset
and the context memory dataset used in our experiments. We then describe the evaluation metrics and baseline
methods, as well as the deployment configuration. Finally, we present experimental results measuring the accuracy
and overall performance of MemAura. We aim to answer the following research questions:

RQ1: Is there a trade-off among MemAura’s accuracy, token consumption, and latency, with state-of-the-art LLMs?
RQ2: Does MemAura maintain high accuracy when using lightweight local models?

RQ3: When MemAura fails, which type of error occurs more frequently?

RQ4: Does MemAura provide significant personalization services?

RQ5: To what extent is the effectiveness of MemAura influenced by its individual modules?
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RQ6: Is MemAura robust under real-world constraints, including device failures, missing or corrupted logs, and
cold-start scenarios where context memory is limited?

3.1 Datasets

We use two types of datasets in our evaluation: one command dataset for assessing the system’s responses to
different user commands, and one context memory dataset that simulates user behavior in the environment.

e Command Dataset. We consider two representative smart-environment settings: a living-space scenario
(smart home) and a workspace scenario (smart office), which exhibit diverse user query needs. For smart
home scene, we adopt a subset of smart-home command datasets from prior work [23], consisting of 40
explicit commands and 18 loosely defined commands. To better assess personalization performance, we
further design 15 additional loosely defined commands, leading to a total of 28 loosely defined commands
when combined with those from [23]. For the smart-office scenario, We collect common workplace needs
from an open dataset [19] and expand them to construct a command dataset tailored to smart-office settings.
The complete command datasets for both scenarios are provided in Appendix A.

e Context Memory Dataset. We utilize the corresponding environment layout (environment A3 in [23]) to
ensure fair comparison. To populate the context memory in MemAura, we construct a multi-resident shared
event-log dataset that diversely emulates user interaction histories in smart environments, comprising
360 distinct 24-hour records in total. The fidelity of our memory-context dataset is grounded in a real-
world dataset [38]. We leverage an LLM to enrich its diversity and then replay the generated traces in the
VirtualHome physics engine [40] for validation, retaining only those that satisfy real-world interaction logic
and thereby ensuring the realism of our dataset. The specific dataset sampling and simulation procedures
are documented in Appendix B.

3.2 Evaluation Metrics

We propose a comprehensive set of metrics to evaluate the performance of MemAura. For clarity, we define the
notation as follows: the command dataset is denoted as Ccop, and the context memory dataset as Cyyem. Let D be
the set of all devices. For each device d € D, let F; denote the set of function nodes associated with d. For each
user u and command com € Ceom, there exists a minimal set of devices Dgoa1 and a corresponding set of functions
Fyoal that together satisfy the intended task, sets of Dyes and Fres that an LLM’s response, and a set of devices Dpe
and functions Fy,,, that match the user’s preferences. Based on these definitions, our evaluation metrics cover the
following dimensions:

e Device Error(DE). When the system produces a final response, an error is considered to have occurred if
it selects an incorrect device or fails to include a required target device.

1, if 3d € Dgoql such that d ¢ Dyes

1
de(com, Dgoal, Dres)- de(com, Dgoal, Dres) = {1, if 3d € Dyes such that d ¢ Dgoal

| Ccom |

DE

comeC, .
com 0, otherwise.

e Function Error(FE). On the other hand, when no Device Error occurs but the system selects an incorrect
function in its final response, a Function Error is considered to have occurred.

0, ifde(com, Dgoal,Dres) =1
Z fe(com, Fgoal, Fres). fe(com, Fgoal, Fres) =41, if3de Dgoal such that Fres(d) ¢ Fgoal(d)

com€Ceom

1

ICCOm |

FE

0, otherwise.
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o Fail Rate(FailR). The occurrence of either type of error indicates a task failure.
FailR = DE + FE.
o Accuracy(Acc). When neither type of error occurs, the task is considered successful.
Acc =1 - FailR

e Latency. We measure the total response latency by recording the time from when the user issues a command
to when the LLM returns the final output.

o Token Consumption. For each module that invokes the LLM, we also calculate the total token consumption,
which allows us to estimate the monetary cost of using the LLM to complete tasks in realistic deployment
scenarios.

o Personalization Rate(PR). To evaluate whether the system’s response is sufficiently creative, we consider
personalization to have occurred when the output includes device selections or function choices that align
with the user’s preferences.

1, if (Dyes N Dpre) # 0

1
PR Z pr(com).  pr(com) = pr(com) = or 3d € Dgoal, Fres(d) € Fy,

| Ccom | e

comé€Ceom
0, otherwise.

3.3 Baseline and Backbones

We compare our system against three baselines: (1) the prior work Sasha [23], (2) vanilla: Sasha [23] augmented
with raw event logs in Context Memory Dataset, (3) vector-RAG (Retrieval-Augmented Generation) [25]: It
works by storing a corpus as dense vector embeddings in a vector database. For each user query, it computes
a query embedding, retrieves the most semantically similar chunks via nearest-neighbor search, and feeds
the retrieved content into LLM as context. We replace the context memory management module in MemAura
with a vector-RAG pipeline. We use the embedding model sentence-transformers/all-MinilLM-L6-v2 and
empirically determine its optimal hyperparameters in our evaluation: the maximum length of each log is 180,
the maximum embedding input length is 256, and the batch size is 32. For each intent unit, we first fetch 3K
candidates and then retrieve the top-k results with k=10.

In addition, to examine the impact of different LLM types on system performance, we evaluate all baselines
and MemAura using the following models: GPT-40 [34], a large closed-source model provided by OpenAI and
accessed via API; phi-2 [32], a lightweight model from Microsoft with 2.7 billion parameters (approximately
3B) deployed locally; and Qwen3-4B [46], a recent lightweight open-source causal language model (specifically,
Qwen3-4B-Instruct-2507) with approximately 4B parameters, also deployed locally.

3.4 Implementation

In the Memory Graph Manager, we use Neo4j to construct and manager the global graph, then the LLM can issue
query statements to quickly locate the relevant information within it. In the Periodic Pattern Predictor, we use
bert-base-cased [7] as the pre-trained model, with all text processed using the standard tokenizer. Considering
that bert-large-cased supports a maximum input length of 512 tokens, only the most recent 512-token behavioral
sequence is retained to ensure compliance with the model’s input constraints. During batch construction, we
apply Bernoulli masking to the sequence with a masking probability of py, = 0.15. The optimization settings
are as follows: learning rate 5 X107, batch size of 8, and 3 training epochs. All experiments are conducted on an
NVIDIA A6000 GPU.
In the following, we will demonstrate the detailed evaluation results to answer RQ1-RQ5.
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Fig. 10. Overall Performance against baselines using GPT-4o0 as the backbone model. (a) shows the results for accuracy, (b)
presents the comparison of token consumption, and (c) reports the response latency.
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Fig. 11. Latency breakdown of MemAura using GPT-4o as the backbone. We run components without sequential dependencies
in parallel. Overall, the latency can be grouped into three stages to achieve the best practical performance.

3.5 Overall Performance with large LLM backbone (RQ1)

We first conduct a experiment with large LLM backbone to compare MemAura with the baselines using three key
quantitative metrics, including Accuracy, Token Consumption, and Latency. All experiments in this stage use
GPT-40 as the backbone. Fig. 10 presents the results.

In terms of accuracy, result shows that Sasha (with GPT-40) achieves only 72.5% accuracy on explicit commands
and 76.9% on loosely commands. When context memory is added in vanilla baseline, accuracy increases by
22.5% and 15.4% on the two command datasets respectively, compared to Sasha. More notably, MemAura with
GPT-40 achieves 100% accuracy across all experiments. These results indicate that incorporating contextual
memory can substantially improve system accuracy. When we replace the graph-based memory management and
retrieval in MemAura with an industry-standard vector-RAG approach, the resultant accuracy is comparable to the
vanilla baseline, but still remains 7% and 11% lower than MemAura, respectively. This implies that our graph-based
memory design is more effective than vector RAG at retrieving concise contextual memories to improve LLM
inference accuracy.

In terms of token consumption, it is important to note that while the vanilla approach improves accuracy, it
also significantly increases token consumption, rising from roughly 2k tokens to 8k-9.5k tokens, because the
large volume of stored memory expands the context window. Vector RAG reduces token usage compared to the
vanilla baseline, but still uses about 1.9k-2.7k more tokens than MemAura. This is because vector-RAG retrieves
logs that are less concise and less accurate than graph-based retrieval, which introduces redundant context. The
structured organization and selective retrieval process of MemAura limits the amount of context passed to the
LLM. As a result, token consumption is maintained at approximately 3k, with only an additional 0.5k tokens
compared to Sasha, which does not consider context memory at all.
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In terms of execution efficiency, MemAura is also superior to the baselines. Vanilla is the slowest because it
includes the most contextual content to process, resulting in a response time of 12.2-14.6 seconds. Both vector
RAG and MemAura achieve a similar level of execution efficiency, where the former is about 2 seconds slower
due to the larger number of vectors it searches to find similar entries. Fig. 11 shows a detailed breakdown of
MemAura inference latency. Since Periodic Pattern Predictor does not depend on the decomposed intent units,
both can run in parallel to reduce end-to-end latency. Specifically, Intent Decomposer takes 1.129 s (32.71%) and
Periodic Pattern Predictor takes around 0.76s. MemAura then queries preference information through the Memory
Graph Manager, invokes LLMs to process each individual intent unit in parallel and finally aggregates their
responses into the final result, which takes 2.132s. Overall, with system-level optimizations and acceleration,
MemAura achieves an end-to-end latency of 4.5-4.9s.

We acknowledge that MemAura does not yet provide near-instant feedback (e.g., within 1 second). However,
the primary bottleneck is LLM inference latency. This also partially explains why Sasha incurs an 8-9s delay,
as it requires multiple GPT API calls. Accelerating the LLM itself is important but beyond the scope of our
work. We argue that MemAura remains valuable because it remains minimal additional inference overhead while
substantially improving accuracy, up to a 28% gain over the baselines, making a few seconds of waiting worthwhile
for better services.

3.6 Performance with lightweight LLM backbone (RQ2/RQ3/RQ4)

In this section, we provide a detailed evaluation of how MemAura, vanilla and vector-RAG perform under different
settings after incorporating contextual memory, examining each metric on two scenarios comprehensively. The
results are shown in Table 2 and Table 3.

Observation 1: MemAura maintains high accuracy when using lightweight backbone models. (RQ2) As
shown in Table 2 and Table 3, we evaluate vanilla, vector-RAG and MemAura under three different backbone
models. Among them, phi-2 (3B) and Qwen3-4B are lightweight models that can feasibly be deployed on a home
device or local server. We observe that when GPT-4o is used as the backbone, the vanilla approach achieves
reasonably good accuracy. However, when the backbone is replaced with Qwen3-4B or phi-2, the accuracy of
vanilla drops sharply—by approximately 43% and 65%, respectively. This indicates that without the large context
window and strong reasoning ability of a large model, simply supplying raw historical logs is insufficient to
guide effective inference. The vector-RAG achieves 20-33% higher accuracy than vanilla on phi-2 and Qwen3-4B,
but still underperforms MemAura. MemAura maintains strong performance across models. With Qwen3-4B as the
backbone, accuracy remains around 94-95%, and even with phi-2, the accuracy only decreases by about 12-23%
compared to GPT-40. With a lightweight LLM backbone, the performance gap between MemAura and the baselines
is larger for loose commands. For instance, vector RAG is about 23-26% less accurate than MemAura. A likely
reason is that the context retrieved by vector RAG, while more concise than feeding all logs, is still less accurate
and less concise than the context produced by MemAura’s graph-based memory management. Due to their limited
reasoning capacity compared to large models (e.g., GPT-40), lightweight models such as Qwen3-4B and phi-2
require more concise and targeted context like that provided by MemAura to maintain reasoning accuracy. This
demonstrates that the effectiveness of MemAura does not primarily depend on the inherent capabilities of the
backbone LLM. It results from the structured memory representation and retrieval strategy provided by MemAura.

Observation 2: MemAura rarely incurs device selection errors, in contrast to vanilla and vector-RAG.
(RQ3) We categorize errors into Device Errors and Function Errors. As shown in Table 2 and Table 3, the
vanilla baseline exhibits these two types of errors at roughly similar frequencies. The vector-RAG method shows
more device errors on the loosely command for both the smart-home and smart-office scenarios. However,
MemAura almost never produces Device Errors—that is, MemAura’s responses do not incorrectly select or omit
required devices. All remaining failures are attributable only to inaccuracies in function selection. This outcome
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Table 2. Summary of MemAura and baseline results with lightweight LLMs on the smart-home command datasets. We
evaluate several metrics, including Accuracy (Acc), Device Error (DE), Function Error (FE), Latency, Token Consumption, and
Personalization Rate (PR).

Configuration Overall Latency Token Consumption Personalization
Method Model Command Acc DE FE Min Max Avg Min Max Avg PR
hi-2 Explicit 0.28 048 0.25 13.24 17.88 14.60 2008 2048 2021 0.10
i-
P Loose 0.31 0.54 0.15 14.29 20.15 16.95 2019 2048 2051 0.15
. Explicit 0.50 030 0.20 1298 19.11 16.14 7980 9761 8799 0.18
vanilla Qwen3-4B
Loose 0.56 0.23 0.23 11.27 18.87 14.85 8024 10902 9570 0.16
GPT-4 Explicit 093 0.00 0.07 10.27 1438 12.15 7425 7982 8142 0.10
-40
Loose 0.89 0.04 0.07 12.60 18.62 15.05 7902 9867 9363 0.19
hi-2 Explicit 0.78 0.15 0.08 4.86 637 526 1740 2048 1806 0.25
i-
P Loose 0.54 036 0.11 505 638 564 1939 2048 2002 0.15
Explicit 0.83 0.10 0.08 4.99 6.60 528 2797 3639 3244 0.20
vector-RAG Qwen3-4B xphct
Loose 0.68 0.00 032 504 6.15 533 3152 5270 4165 0.18
GPT-4 Explicit 093 0.00 0.07 4.83 6.72 506 3931 5546 4328 0.30
-40
Loose 0.89 0.04 0.07 516 6.20 570 4126 6880 5285 0.25
hi-2 Explicit 0.88 0.03 0.10 292 4.25 3.02 1678 2048 1890 0.38
i-
P Loose 0.77 0.00 0.23 3.07 496 348 1897 2048 1992 0.31
Explicit 0.95 0.00 0.05 290 4.88 3.57 1024 1984 1453 0.25
MemAura  Qwen3-4B xphcet
Loose 0.94 0.00 0.07 285 433 3.03 1628 3637 2234 0.35
GPT-4 Explicit 1.00 0.00 0.00 2.79 446 2.83 2004 3990 2004 0.38
-40
Loose 1.00 0.00 0.00 2.68 487 3.08 2595 4390 2987 0.43

benefits from MemAura’s structured memory management: the graph-based organization explicitly encodes the
relationships between devices and their functions, and provides LLMs with an efficient method for targeted
retrieval. While LLMs are capable of reading JSON-formatted logs, when the number of devices and functions
scales up, the raw JSON data become cumbersome, making it difficult for an LLM to reliably extract and map
the correct execution units. In contrast, MemAura’s structured graph representation enables precise and efficient
device reasoning.

Observation 3: MemAura effectively reduces token consumption while maintaining practical latency.
Complex tasks and lengthy inputs typically lead to higher response time and token usage in LLM-based systems,
especially when the backbone model is lightweight and has limited capacity. If a single instruction required tens
of seconds and tens of thousands of tokens, the system would clearly be impractical in real deployments. We
measure the latency and token consumption of MemAura, vector-RAG method and vanilla across different tasks
and model settings. Phi-2 has a relatively small context window (about 2048 tokens), whereas Qwen3-4B supports
a much larger context window (over 30K tokens). Accordingly, as shown in the results, vanilla with phi-2 nearly
saturates the entire context window, and with Qwen3-4B it still requires ~8799-9570 tokens. It is reasonable to
infer that the vanilla input exceeds phi-2’s context capacity and is therefore truncated, which directly explains
the substantial drop in accuracy. Even with Qwen3-4B, the token consumption remains high and is impractical
for real-time use. In contrast, MemAura performs notably better. Although MemAura occasionally approaches the
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Table 3. Summary of MemAura and baseline results with lightweight LLMs on the smart-office command datasets. We
evaluate several metrics, including Accuracy (Acc), Device Error (DE), Function Error (FE), Latency, Token Consumption, and
Personalization Rate (PR).

Configuration Overall Latency Token Consumption Personalization
Method Model Command Acc DE FE Min Max Avg Min Max Avg PR
hi-2 Explicit 030 035 0.35 1237 16.08 14.50 2029 2048 2040 0.13
i-
P Loose 0.29 0.58 0.13 16.33 20.90 1839 1995 2048 2015 0.21
. Explicit 0.50 030 0.20 14.20 1892 16.14 7027 9782 8263 0.18
vanilla Qwen3-4B
Loose 0.54 0.21 0.25 13.60 15.16 14.58 7936 10926 9610 0.21
GPT-4 Explicit 093 0.00 0.07 12.04 1533 13.66 6928 9882 8010 0.18
-40
Loose 0.86 0.11 0.04 1298 16.42 14.82 8667 9926 9255 0.21
hi-2 Explicit 0.78 0.18 0.05 479 632 514 1722 2048 1927 0.23
i-
P Loose 0.57 0.21 0.21 490 6.48 546 1927 2048 2010 0.15
Explicit 0.78 0.18 0.05 5.17 6.53 502 2635 3895 3026 0.20
vector-RAG Qwen3-4B xphct
Loose 0.71 0.00 0.29 5.12 6.15 530 3386 5113 4106 0.21
GPT-4 Explicit 093 0.00 0.07 4.85 6.68 530 3668 5723 4244 0.30
-40
Loose 0.89 0.07 0.04 514 6.80 574 4126 6652 5360 0.25
hi-2 Explicit 093 0.05 0.03 3.09 5.03 399 1699 2048 1834 0.35
i-
P Loose 0.82 0.00 0.18 330 574 438 1842 2048 1902 0.32
Explicit 0.95 0.00 0.05 3.29 521 422 1007 1877 1531 0.25
MemAura  Qwen3-4B xphcet
Loose 093 0.00 0.07 330 5.11 331 1639 3620 2028 0.39
GPT-4 Explicit 1.00 0.00 0.00 3.09 4.82 3.07 1380 3842 2100 0.38
-40
Loose 1.00 0.00 0.00 3.10 535 4.00 2063 4026 2638 0.43

context limit when using phi-2, its accuracy experiences only a modest decrease, indicating that minimal essential
information is lost. When using Qwen3-4B, MemAura keeps token consumption within a reasonable 1453-2234
token range. Vector-RAG uses significantly fewer tokens than vanilla, but still more than MemAura with Qwen3-4B
and GPT-40. On the smart-home dataset, it uses about 1.8k and 2.3k more tokens than MemAura, respectively; on
the smart-office dataset, it uses about 1.5k—2.1k and 2.1k-2.7k more tokens, respectively.

Observation 4: MemAura produces more personalized and creative responses. (RQ4) Personalization Rate
reflects the extent to which the system’s responses align with user preferences. As shown in the last column
of Table 2 and Table 3, incorporating context memory allows the vanilla baseline to achieve around 10-19%
personalization, whereas MemAura achieves 25-43%, representing an improvement of 15-23% compared with
vanilla, and shows stable performance across the command datasets in both scenarios. Vector-RAG achieves a
personalization rate that is about 5-16% lower than MemAura, with a larger drop on loosely commands. This is a
clear and meaningful gain, indicating that MemAura’s structured memory representation and effective pattern
extraction mechanism provide the LLM with richer and more accurate personalized signals.

It is necessary to provide a clarification: even though MemAura achieves its best average personalization rate of
around 43% when using GPT-4o, this is because a considerable portion of the command dataset does not allow for
personalization, particularly the explicit commands. Further command details can be found in the Appendix A.
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We present an example from the experimental results, including the outputs of each module and the final
response generated by MemAura:

Command: "I'm about to start an important online meeting."

Intent Decomposer:

[1] turn on lights for meeting [2] enable quiet mode in the room

LLM Selected Devices:

[1] bedroom light [2] table lamp [3] bedroom curtain

Periodic Pattern Predictor:

User is likely to operate devices: [1] bedroom curtain [2] table lamp [3] air purifier

User may do: [1] speaking [2] typing [3] flipping a book

In the past relevant time, user usually wants:[1] provide a quiet environment [2] ensure safety after going out [3]
make a cup of cappuccino

Memory Graph Manager:

Device and Activity Transition Preference:

bedroom light — bedroom curtain (66%)/ table lamp (23%), table lamp — typing (37%)/bedroom curtain (30%)/air

purifier (21%), bedroom curtain — air purifier (78%)/ air confitioner (12%).

Relevant devices and corresponding functions:

[1] bedroom light <set_brightness: 220 (68%);255 (24%)> [2] table lamp <set_brightness: 200 (66%),255 (10%)> [3]

air purifier <set_mode: eco (90%);sleep (5%), set_wind_speed: low (100%)> [4] air conditioner <set_temperature:
26°C (67%);24°C (21%), set_mode: auto (92%);eco (7%), set_timer:8h (18%); 6.5h (14%); 2h (10%)>

High-level Profile:

[1]... [7]close bedroom curtains when user’s working. [8]...

MemAura: Understood. According to your preferences, I will turn on the bedroom light and set its bright-
ness to 220. Then, I will turn on the table lamp and set its brightness to 200. After that, I will close the bedroom
curtains, turn on the air purifier, and set its mode to eco with low wind speed. Noticing that the indoor
temperature is currently high and the bedroom is enclosed, I will also turn on the air conditioner to auto mode and
set the temperature to 26°C.

When processing the command shown above, the Intent Decomposer first breaks it down into two executable
intent units. In the meanwhile, the Periodic Pattern Predictor provides the predicted user pattern at the current
timestamp. Next, the LLM processes each intent unit in parallel. After identifying the devices relevant to the
command, the LLM queries their corresponding preference information through the interface provided by the
Memory Graph Manager. The High-level Profile is also fed into the LLM as guiding input. Finally, the LLM
performs reasoning based on this information and delivers personalized services. In the example, the parts
highlighted in green indicate information that may contribute to the LLM’s personalized reasoning, which is also
reflected in its response. This example demonstrates that MemAura not only fulfills the functional requirements of
the task but also incorporates user-specific preferences into the final action plan, resulting in responses that are
more personalized and more aligned with the user’s long-term habits.

3.7 Ablation Study (RQ5)

In this section, we present ablation studies on each module of MemAura and provide detailed analyses based on
representative examples. All experiments in this part are conducted on the smart-home command dataset, using
Qwen3-4B as the backbone.
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Fig. 12. Overview of the ablation study results. (a) shows the impact on the accuracy of MemAura when each component
is removed individually, (b) shows the impact on the personalization rate of MemAura when each component is removed
individually.

3.7.1 Impact of the Intent Decomposer on Accuracy. Complex tasks that are not pre-processed can substantially
hinder reasoning performance. As shown in Fig. 12, when the intent decomposition module is removed, the
accuracy of MemAura drops by nearly 40%, while the personalization rate decreases only slightly (around 5%). This
indicates that, when encountering complex or ambiguous instructions, failing to decompose them into executable
intent units significantly impairs performance, especially for models with limited reasoning capabilities.

3.7.2  Impact of the Pattern Prediction Predictor on Performance. We examine whether the model can still complete
the task if it is required to infer user patterns directly from memory, without the pattern extraction process. As
shown in Fig. 12, removing the Pattern Prediction Predictor leads to a 33% decrease in task success rate, and
importantly, a 10% drop in personalization rate. This indicates that without providing summarized behavioral
patterns, lightweight models such as Qwen-3-4B struggle to extract personalized information from memory and
also have difficulty identifying the correct execution logic. As a result, both personalization and accuracy are
significantly reduced.

3.7.3 Impact of the Device and Activity Transition Preference Graph and the Device Function Usage Graph. To
examine the effect of removing user habit information, we independently ablate the two subgraphs and evaluate
performance. As shown in Fig. 12, when the Device and Activity Transition Preference Graph is removed, the
accuracy of MemAura decreases to 87%, a reduction of about 8%, and the personalization rate drops to 19%, a
decrease of 6%. This suggests that the transition preference graph contributes more to personalization, likely
because it provides behavioral pattern information that helps the model infer what the user is likely to do next.
When the Device Function Usage Graph is removed, the impact on personalization is even more pronounced: the
personalization rate drops to 7%, a reduction of 18%. This indicates that without knowledge of which functions
and parameter settings a user typically prefers, the system struggles to generate responses that align with user
habits. The effect on accuracy is smaller but still noticeable, with a decrease of about 12%. Overall, both the
Device and Activity Transition Preference Graph and the Device Function Usage Graph play critical roles in the
performance of MemAura, and their influence is especially significant in improving the personalization rate.

3.8 System Stress Evaluation (RQ6)
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In this section, we design a series of stress tests to emulate real-world constraints and evaluate MemAura’s

robustness against them.
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3.8.1 Cold-start Scenario: Impact of Memory Length on Performance. We first emulate a cold-start scenario.
MemAura organizes memory and supports accurate and efficient retrieval to enable personalized services, but at
the beginning, when the log history is still small, we wonder whether MemAura still deliver meaningful gains. To
study the effect of memory length, we apply a sliding window that retains only logs within L € {Oh, 1h, 6h, 24h,
3d, 7d, 30d, 60d} prior to the current time, where h denotes hours and d denotes days. The high-level profile and
the periodic pattern predictor are also constructed using only the logs within the same window. When L = 0,
we treat it as cold start and provide no additional information beyond the command, and L = 60d uses the full
memory.

In terms of accuracy, as shown in Fig. 13, under cold start, vector-RAG and MemAura are equivalent. With
phi-2 and Qwen3-4B, their accuracy is about 62% on explicit commands and about 40% on loose commands.
With GPT-4o, their cold-start accuracy reaches 82.5% and 71.4%, respectively. Vanilla has much lower cold-start
accuracy because it follows the Sasha-based pipeline with only device selection, device JSON input, and command
parsing, leading to a larger gap from MemAura and our vector RAG implementation. While accuracy generally
decreases as L becomes shorter, MemAura consistently outperforms vector-RAG at all lengths. With about one
week logs (L=7d), MemAura achieves performance comparable to using 60 days logs, which is affordable in practical
deployments.

In terms of personalization rate, limited memory has a more severe impact than it does on accuracy, as shown
in Fig. 14, which is not surprising. For vanilla, personalization is almost unattainable when L < 24h. When
L > 7d, increasing L significantly improves vanilla’s personalization rate, and extending the window from 30d to
60d further brings a clear gain. Vector-RAG method shows a clear turning point between L = 6h and L = 24h,
after which personalization rises markedly. With phi-2 or Qwen3-4B, its personalization is only about 0-2.5%
at L = 6h, but increases rapidly once L > 6h; moving from 6h to 24h yields a 7.5-10% improvement. With
GPT-4o, the turning point appears earlier, starting around L = 1h. MemAura shows a turning point at L = 1h
and its personalization rate increases steadily with longer memory. At L = 24h, it reaches about half of its final
personalization, and around L = 30d it is already close to the L = 60d level. Overall, MemAura demonstrates better
memory utilization than the baselines: even 1 hour of memory enables consistent personalization gains across
backbone models.

3.8.2  Impact of Device Outages/Missing Logs. Our second stress test emulates device outages. Smart environments
include diverse devices with different aging rates, and in practice some devices may go offline, resulting in missing
logs. To emulate device outages and missing logs, we inject failures as follows: each device in our evaluation
dataset (22 devices in total) has a probability poy: to experience an outage event. If an outage occurs, we remove
all logs produced by that device within a contiguous outage block of duration § € {8h, 24h, 7d, 15d, 30d}, where
the block is placed uniformly at random within the memory window. Here, poy: controls outage frequency and
is the outage duration. For each poyt, we repeat the random outage injection using five different seeds and report
the average.

Fig. 15 reports MemAura’s performance under device outages on the smart-home command dataset with Qwen3-
4B. In terms of accuracy, for explicit commands, outages with § < 24h have little effect on accuracy: it drops only
when poy; > 10%, and stays around 90% even at p,,; = 30%. With § = 7d, accuracy remains above 85%. For the
extreme cases § = 15d and § = 30d, accuracy is above 85% when p,,r < 10%, and remains 78.5% at poy: = 30%.
The impact is slightly larger for loose commands: with § = 8h, accuracy stays above 89%, and even with 30% of
devices having § = 30d outages, it remains above 71%. In terms of personalization rate, for explicit commands,
when § < 7d, personalization declines only when pyy; > 10%; at po,; = 30%, it remains about 17.5%, 12.5%,
and 10% for 8 = 8h, 24h,7d, respectively. When § > 15d, outages have a larger effect, but personalization still
retains about half of the original level when po,; < 15%. For loose commands, with § = 8h, personalization is
affected only when p,,; > 15% and remains at least 67% of the original; when § > 24h, it starts to decline once
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Fig. 15. Stress Test 2 (Device Outages+Missing Logs): pout denotes the probability that a device experiences an outage, and §
denotes the outage duration, during which no logs are available for that device.
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Fig. 16. Stress Test 3 (Logging Noise): pnoise denotes the noise injection ratio, and § is the time window where noise logs are
injected.

Pout > 5%. Overall, when p,,,r <10-15% and § < 24h, MemAura’s accuracy and personalization rate are almost
unchanged. This indicates that MemAura maintains a reasonable level of robustness to device outages and the
resulting missing logs.

3.8.3 Impact of Logging Noise. Our third stress test emulates logging noise. In practice, logging is not always
accurate and may contain erroneous events. To emulate this scenario, we inject erroneous log events as follows:
each existing log is, with probability pyoise, followed by an additional spurious entry. When it is sampled, we
draw an event according to the empirical event distribution of our dataset and insert it between the current log
and its original successor.

Fig. 16 reports MemAura’s performance under logging noise on the smart-home command dataset with Qwen3-
4B. In terms of accuracy, injected logs has little effect for both explicit and loose commands. When § < 7d, accuracy
is almost unchanged. Only in extreme cases (Ppoise > 15-20% and § > 15d) does accuracy drop to 86-92.5%. In
terms of personalization rate, noise has a larger impact on loose commands than on explicit commands. For
explicit commands, personalization shows no clear drop when § < 7d, but decreases by about 5-7.5% when
é > 15d and ppoise > 15-20%. For loose commands, personalization starts to decline when ppise > 20% for § = 8h
or 24h (about 6-9% at proise = 30%). When & > 15d, it keeps declining to around 20% at ppoise = 30%, though this
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is rare. Overall, under reasonable settings (§ < 7d and pnoise < 15%), noisy logs have little impact, indicating that
MemAura is reasonably robust.

4 USER STUDY

In addition to quantitative performance evaluations, we conducted a user study to assess the usability of MemAura.
We invited N = 8 participants to rank the performance of MemAura and the baselines. Subsequently, participants
were allowed to freely specify scenarios and time contexts to issue commands to MemAura and evaluate its
responses. This user study aims to investigate this research question:

RQ7: Does MemAura provide a better user experience compared to the baselines?

4.1 Study Procedure

4.1.1  Participants. We recruited N=8 participants (ages M = 23.6 years, SD = 3.4 years). Their demographic
information is shown in Table 4.

Table 4. Demographic characteristics of the participants in user study.

ID Age Education Smart Environment Familiarity =~ Familiar Smart Assistant
P1 18-24 Graduate Moderately Siri, ChatGPT Voice

P2 25-34 Bachelor’s Slightly Siri

P3 35-44 Graduate Slightly Google Assistant

P4 25-34 Bachelor’s Very Siri, ChatGPT Voice

P5 45-54  High school or equivalent Moderately Siri, Xiaoai Assistant

P6  55-64 Bachelor’s Slightly Siri

P7 18-24 Bachelor’s Very Siri, Gemini Home

P8 25-34 Graduate Slightly Xiaoai Assistant

4.1.2  Study Design. Each participant was provided with a computer displaying the room layout and device
distribution, while running both MemAura and the baseline systems to present response results. The specific
workflow was as follows:

(1) Demographic Questionnaire: Collect participants’ demographic information, with particular attention
to their education background and familiarity with smart environment services.

(2) Background Learning: Each participant was given a 15-minute introduction to the overview of MemAura,
including a detailed explanation of the Context Memory Dataset, such as each user’s traits and preferences.
Several examples of command executions by MemAura were also demonstrated afterward.

(3) Anonymous Ranking and Personalization Scoring Task: In this task, after being presented with a
predefined user and command, participants were shown responses generated by MemAura and the base-
lines—without being informed of their sources and with the order randomized. Participants were asked
to rank the responses from best to worst based on overall performance, then score each response for its
degree of personalization, and provide brief qualitative feedback.

(4) Open-ended Q&A task: In this stage, participants could select any resident in the environment and freely
issue commands to MemAura. Afterwards, they evaluated MemAura’s performance based on its responses.

(5) Post-Task Questionnaire

(6) Semi-Structured Interview
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Fig. 17. Results of Anonymous Ranking and Personalization Scoring for MemAura

Between each task, participants were allowed to take a break. After the study, participants were compensated
at a rate of $12 per hour. This study has been approved by the Institutional Review Board (IRB) of our institution.

4.2 Anonymous Ranking and Personalization Scoring Task

4.2.1 Anonymous Ranking. We first asked participants to complete the anonymous ranking task. In this task,
commands were grouped according to six different residents, with each group containing ten commands ran-
domly sampled from the Explicit Command Dataset. The responses from MemAura and the two baselines were
presented to participants anonymously and in random order. Participants ranked the responses from best to
worst, corresponding to scores of 3 to 1, respectively.

As shown in Fig. 17 (a), MemAura consistently outperformed both Sasha and vanilla in the ranking task,
achieving average scores between 2.63 and 2.88, which is approximately 0.7 points higher than vanilla. These
results indicate that, from a subjective user perspective, MemAura delivers noticeably better overall performance
than the two baselines.

4.2.2  Personalization Scoring. Next, participants rated each response for personalization. The lowest score, 0,
indicated that the response contained no personalized content, while the highest score, 4, indicated that the
response provided sufficiently rich and appropriate personalization aligned with the resident’s preferences. As
shown in Fig. 17 (b), MemAura achieved an average personalization score of approximately 2.63, significantly higher
than the baselines. Although there remains a gap from the maximum score, this is reasonable—some commands
inherently lack opportunities for personalization, or the user’s historical data may not provide enough evidence
to support personalized responses. Nevertheless, the comparison clearly shows that Sasha and vanilla scored only
around 1.26 and 2.0, respectively, demonstrating MemAura’s distinct advantage in delivering personalized services.

4.3 MemAura’s User Experience Study

4.3.1 SUS Questionnaire Result. To collect user ratings on their experience with MemAura, We employed System
Usability Scale (SUS) [4] questionnaire, which is widely used to evaluate system usability (Appendix C). The
standard SUS questionnaire consists of 10 items rated on a 5-point Likert scale. We computed the raw scores
for each participant following the scoring method described in [20], i.e., converting the range from 1-5 to 0-4.
The results are shown in Fig. 18 (a). We also subsequently calculated both the overall SU score and the usability
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Fig. 18. Results of Standard SUS and Our Self-Designed Questionnaires for MemAura

subscore for each group, with scores ranging from 0 to 100. The non-expert group achieved an SU score of 98.00
(% 3.00), with a usability subscore of 98.75 (+ 1.875). This result indicates that MemAura is highly practical and
provides a positive user experience.

4.3.2  Self-design Questionnaire Result. In addition to the standard SUS questionnaire, we were also interested
in issues specific to the user experience of MemAura. Thus, we designed an additional questionnaire with the
following questions:

o MemAura fulfills the fundamental requirements of user commands.
e MemAura provides high-quality personalized services.

e MemAura operates with high efficiency.

o The token consumption of MemAura is within an acceptable range.
o The latency of MemAura is acceptable for practical use.

Except for the last question, all of the above questions were answered using a 5-point scale to indicate participants’
level of agreement with the statements, where the lowest score means "strongly disagree" and the highest score
means "strongly agree". The 5-point scale was adopted to maintain consistency with the SUS questionnaire. We
also converted the range to 0-4.

The results of our self-designed questionnaire are shown in Fig. 18 (b). Most participants agreed that MemAura ef-
fectively fulfills the fundamental requirements of user commands and operates with high efficiency, with token
consumption remaining within a reasonable range. In addition, participants positively evaluated the quality
of personalization and response latency provided by MemAura, indicating that the system demonstrates strong
overall performance and practical feasibility.

4.3.3 Open-ended Q&A Task. In addition to the quantitative evaluations, we invited participants to engage
in an open-ended Q&A session. Participants could select any resident and, after becoming familiar with their
profile and habits, freely issue commands to MemAura. Afterwards, they were encouraged to evaluate MemAura’s
responses and provide feedback.

Personalization quality reflected in the details of functional parameters. Although individuals may
define personalization differently, true personalization is often reflected in the precise handling of preference
details. When faced with participants’ vague commands, MemAura can still infer user preferences and provide
detailed, contextually appropriate responses:
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Resident Zoe: a home fitness enthusiast

P4: Time for Pamela’s exercise! Let me get the right space ready.

MemAura: No problem! Based on your historical preferences, you usually start exercising in the center of the living
room where the air conditioner does not blow directly. I will set the air conditioner to 26°C with the lowest fan
speed, turn on the living room light at 240 brightness, and start the audio player with your jazz playlist. I will also

close the living room curtains to keep privacy.
P4 Feedback: This answer really gets Zoe. I've noticed she often works out while listening to jazz, and for a girl,
closing the curtains during a workout is such a thoughtful detail. Sometimes personalization isn’t about big gestures,
it’s these small touches that make things feel warm.

Resident James: a coffee lover

P6: Can I get a cup of coffee?

MemAura: Of course. Based on your coffee preferences, you usually enjoy a double-shot latte on weekday mornings.
I will start the coffee maker, set the mode to latte, adjust the grind level to 13, and select the double-cup output.
Since the weather is pleasant and you prefer a well-ventilated environment, I will also open the kitchen curtains to
let in fresh air, and gradually dim the kitchen lights until they turn off.

P6 Feedback: For someone like me who’s into coffee, this is spot on. It nails all the little preference details. We're
getting older; even my wife forgets how to adjust the settings sometimes, but system remembers.

In the two examples above, the participants’ commands contained no explicit details, yet MemAura successfully
inferred and applied them, which explains the positive user feedback. Therefore, the ability to accurately extract
and apply residents’ preferred functional parameters is a key factor in achieving personalization. Meanwhile, for
elderly users, this capability can also help them retain everyday setting details, thereby reducing inconvenience
and improving usability.

Take recent history into consideration. Participants designed several commands that could be influenced
by recent events to observe how MemAura would respond:

Resident Harry: a pet owner

Key event two hours ago: Harry gave his dog a bath.

P1: The house is a mess, we need a proper clean.

MemAura: Understood. Based on your recent history, you just bathed and dried your dog, so it’s im-
portant to clean the bathroom and hallway thoroughly. I will start the vacuum robot using your
usual settings — mode set to sweep then mop, order: bedroom, living room, then hallway , with
suction power at maximum. I will also open the bathroom window and curtains for ventilation.
After 30 minutes, the robot will clean the bathroom again to prevent hair entanglement.

P1 Feedback: It saved me some hassle by remembering what happened earlier. It knew which spots needed more
attention and cleaned the bathroom last, after the water dried — really considerate.

In this scenario, MemAura generated a personalized service because it was aware of the preceding key event,
effectively avoiding potential inconveniences. Another participant designed a different command for the same
situation:
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Resident Harry: a pet owner

Key event two hours ago: Harry gave his dog a bath.

P2: I'm going to work.

MemAura: You left your dog at home, so I'll minimize all potential risks. I will turn off the water heater, idle smart
plugs, and lights in other rooms—keeping only one living room light on at 55 brightness. The camera will be set to
pet mode. Also, since the records show you recently bathed your dog, I will adjust the air conditioner to 27°C with
the lowest fan speed to prevent it from catching a cold.

P2 Feedback: It’s very thoughtful, using the history to spot what needs attention.

From these cases, it can be inferred that prior events represent a form of implicit preference, as they directly
influence subsequent environmental decisions. Therefore, MemAura, equipped with a memory management
system capable of efficiently retrieving historical context, can highlight such events and incorporate them into its
responses—forming the foundation of personalization.

Distinguishing multiple intents and tasks within loosely commands People often prefer to express a
series of requests all at once—after all, no one wants to speak one command at a time and wait for a reply, as that
would be inefficient. Participants were also interested in whether MemAura could effectively distinguish multiple
intents within complex or loosely structured commands while still providing personalized services:

Resident Jonathan

P8: 'm gonna head inside to play some games. Gotta tidy up the place before my mom comes, and take care of her
when she gets here.

MemAura: Sure. Based on your usual gaming preferences, I will turn on the bedroom light and set its brightness to
180, close the bedroom curtains, and turn off the living room lights. In addition, I will immediately start the robot
vacuum cleaner in quick mode with maximum suction power. According to the settings you typically use when your
mother visits, I will set a trigger so that when fingerprint ID 2 unlocks the door , the living room light turns on at

brightness 255, and the audio player starts playing a soothing music playlist at volume 60.

P8 Feedback: It was quite a long chain of tasks, but the system managed everything smoothly and added personal-
ization to each part.

Since the Intent Decomposer in MemAura first breaks down a command into executable intent units, even a
complex instruction is merely composed of multiple intents executed in parallel. This design not only ensures
MemAura’s capability to handle complex tasks but also allows it to distinguish user preferences for each intent,
enabling more precise and personalized services.

5 RELATED WORK
5.1 Memory Management for LLMs

Large Language Models(LLMs) have recently demonstrated exceptional capabilities in language understanding,
generation, and reasoning, especially as their context windows continue to expand, allowing them to handle
increasingly complex reasoning tasks. To enhance an LLM’s knowledge and guide its behavior, context organi-
zation, retrieval, management, and integration have become crucial. Earlier studies explored various context
management strategies [11, 35, 47, 59], including retrieval and generation mechanisms, as well as context pro-
cessing, compression, and optimization methods. These later evolved into systems based on Retrieval-Augmented
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Generation (RAG) to effectively leverage external knowledge [10, 14, 25, 45]. For example, FlashRAG [21] intro-
duced a modular toolkit for efficient retrieval, while Self-RAG [3] proposed a self-reflective retrieval strategy.
More recently, researchers have begun treating context as a form of memory, inspired by human cognition,
enabling long-term and short-term information evolution, updating, and optimization [9, 27, 33, 51]. Examples
include Memory Bank [59], which uses long-term memory to enhance response quality and personalization,
and Sandbox [17], which manages long conversational histories interactively. However, when applying memory
management to real-world environments for perception, interaction, and continuous updating, these approaches
face significant limitations. Most existing memory-based systems are primarily designed for chatbot-style conver-
sational scenarios rather than for smart environments like MemAura. For example, THEANINE [33] introduces a
timeline-based memory management mechanism for dialogue understanding but supports only natural language
text memories, making it unsuitable for handling data common in IoT and environmental settings. Similarly,
A-MEM [54] and MemoRAG [41] are tailored for conversational or document-retrieval tasks, but their stored
content remains in raw or unstructured formats, requiring the LLM to interpret it at runtime rather than enabling
direct, structured, and ready-to-use access as needed in MemAura.

5.2 Personalized LLM Services

The concept of personalized service can be traced back to recommender systems (RS), which predict a user’s
interest in an item based on historical records and related factors, thereby providing tailored products or services.
Traditional recommender systems often rely on self-supervised learning or other data-driven techniques [52, 60].
Recently, LLM-driven recommendation systems, or more broadly, LLM-based personalized services, have brought
new possibilities to this domain. A straightforward approach is to embed a portion of user information directly
into the prompt to help the LLM make behavioral predictions [6, 36, 43, 48]. Some studies employ user profile
prompting to improve recommendations [30, 44]. However, as the amount of user information increases, this
approach faces scalability challenges such as exceeding the context length, handling incomplete or insufficient
data [8, 39], and addressing the cold-start problem. Therefore, LLM personalization is inherently tied to context
memory management. For example, Li et al. [26] constructed long-term and short-term conversational memory
as well as role memory to build an LLM-driven personalized agent, while SeCom [37] designed a fragment-level
memory bank to enhance retrieval efficiency. OS-1 [55] uses eyewear devices to collect data, which are then
organized into real-time memory and historical context memory, and summarized into a user profile to help
the LLM deliver more personalized behavior in dialogue tasks. Inspired by these approaches, we designed a
specialized memory management framework in MemAura to enable LLM-powered personalized services tailored
to smart environments.

5.3 Smart Environment Personalized Services via LLM

The defining feature of a smart environment lies in its ubiquitous sensing and computation. Networked smart
devices, wearable sensors, and embedded systems together form an intelligent ecosystem that continuously
interacts with human residents [16, 53, 57]. Recent studies have leveraged the reasoning capability of large
language models to interpret and act upon the vast and heterogeneous data generated within such environ-
ments [24, 29, 58]. One representative application of smart environments is home healthcare. For example, Kim
et al. [22] fed physiological signals collected from wearable devices into an LLM to enhance diagnostic accuracy.
DrHouse [56] uses sensor signals from home devices as input to construct a diagnostic decision tree, assisting in
in-home medical consultations. This represents another scenario of personalized service, where discrete sensor
data must be transformed into clinically useful contextual information, requiring a well-designed memory storage
structure and information extraction mechanism. More commonly, smart environments are embodied in smart
home assistants. Sasha [23] proposes a new paradigm for a smarter LLM-based smart assistant, exploring how
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Table 5. Comparison of recent LLM-driven services in smart environments. The ’Data Content’ and ’Data Format’ columns
describe the type and representation of data input to the LLM, respectively. The ’"Memory Duration’ column indicates the
time span of stored data — where Episodic refers to non-temporal data without an explicit time dimension.

Approach Data Content Data Format Memory Duration
GreenIFTTT [12] Devices Infomation Json Episodic
Sensor2Text [5] Wearable Data Parametric Form 1-2 hours

Sasha [23] Devices Infomation Json Episodic
TaskSense [29] Sensor & Device Data  Json (— Graph) 6-12 hours
ContextAgent [58]  Sensor & Device Data Json Episodic

JARVIS [24] HVAC Sensor Data Json (— RAG) 1 year / 1 minute resolution
MemAura Sensor & Device Data  Json (— Graph) 1440 hours

large language models can reason creatively and execute complex tasks. Although it performs well in handling
ambiguous commands, Sasha is limited to real-time information and lacks any temporal context memory, which
leads to weaker personalized response. In this work, we also include Sasha as one of the baselines for detailed
evaluation. Sensor2Text [5] tracks daily activities using wearable sensor data and enables natural-language
interaction. GreenIFTTT [12] integrates device and sensor data in an IFTTT-like framework and employs an
LLM-based chatbot to help users design automation routines. Commercially, systems such as Siri [2], Alexa [1],
and Gemini for Home [13] demonstrate practical implementations of this paradigm. However, as summarized in
Table 5, prior research still faces an unresolved challenge: how to distill long-term user behavior patterns and
preferences from continuous sensor and device logs, in order to enhance personalized reasoning and service
quality in complex tasks. To address this challenge, we propose MemAura, a system designed to efficiently manage
context memory and extract behavioral patterns and preferences from raw IoT data, to improve LLM-driven
personalization in smart environments.

6 DISCUSSION

The proposed MemAura introduces a new approach to LLM-based personalized services with context memory in
smart environment. In this section, we discuss MemAura’s potential for real-world deployment, its privacy and
security considerations, and the limitations of the current work.

6.1 Deploying MemAura in Real-World Environments

We designed MemAura with real-world deployment in mind, ensuring that several of its components and design
choices are well-suited for home environments. First, the choice of backbone model offers flexibility. As shown in
our evaluations, MemAura maintains stable performance and output quality even when built upon lightweight
models. Thus, in practical deployment, users can either (1) call advanced LLMs via API (e.g., GPT-40, Gemini)
to achieve streamlined workflows and high accuracy, or (2) adopt lightweight local models for fully on-device
operation. The models tested in our experiments, phi-2 and Qwen-3-4B, can both be feasibly deployed on home
servers or personal computers, and many other compact models with strong reasoning capabilities can also serve
as viable alternatives. Moreover, the Periodic Pattern Predictor, which is based on BERT, can be trained locally
on a home server. The predictor trained on 1440 hours of IoT logs is approximately 4.5 GB in size, allowing
inference tasks to run smoothly even on personal laptops, making it highly home-friendly. Finally, the data
storage requirement is modest: the raw multi-user 10T log covering 1440 hours occupies only a few kilobytes,
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imposing minimal storage overhead. Therefore, MemAura demands relatively low computational resources and can
be fully deployed locally, offering a feasible and privacy-preserving solution for real-world smart environments.

6.2 Privacy and Security Considerations of LLM-Enabled MemAura

Since smart environments inevitably collect large amounts of sensitive data from devices and sensors, privacy
and security must be carefully addressed before any real-world deployment. Privacy risks are a critical concern
for LLM-driven systems. The most direct mitigation strategy is to process all sensitive information locally,
and, when necessary, use cloud-based LLMs only for non-sensitive data. This approach aligns closely with our
earlier discussion on local deployment, which naturally eliminates most privacy concerns. In particular, the
Intent Decomposer module can safely invoke API-based LLMs because its inputs consist exclusively of global,
non-private data. However, if a system chooses to rely entirely on advanced cloud-connected LLMs, it should
include mechanisms to periodically remind users of potential risks when collecting sensitive data and to actively
monitor for possible data leakage. Overall, MemAura offers deployment flexibility that allows balancing privacy,
performance, and convenience, ensuring that sensitive user data remains protected in intelligent environments.

6.3 Limitation and Future Work

Our work has several limitations. First, the IoT data used in our system are not multimodal. Many multimedia
IoT devices, such as cameras and voice recorders, collect information in video and audio modalities. Although the
current single-modality memory in MemAura already enables high-quality personalized services, the incorporation
of multimodal information could unlock even more creative and expressive possibilities. Incorporating these new
modalities into the memory raises open questions about how to align, store, and coordinate heterogeneous data
effectively, which deserves further exploration. In addition, the latency of MemAura still has room for improvement.
Although we have employed parallel processing of intent units to reduce response time, achieving near-zero-
latency service remains challenging. Future work could explore ways to make the graph-structured memory
directly interpretable by the model through pretraining or joint embedding, thereby minimizing the time spent
on knowledge distillation and input processing.

7 CONCLUSION

In this work, we present MemAura, a memory management system for smart environments that organizes
device and sensor memories, distills user behavior patterns and preferences, and continuously updates user
profiles through three key modules. Experimental results demonstrate that when powered by a large LLM,
MemAura achieves 100% task success and a personalization rate of 38%-43%. Even when using lightweight LLMs,
MemAura maintains up to 95% accuracy with an average personalization rate of 37.5%. In contrast, vanilla equipped
with the same lightweight LLMs achieves only 28%-56% accuracy and a maximum personalization rate of 17.5%,
while vector-RAG achieves 54-83% accuracy and up to 25% personalization rate, highlighting the robustness and
consistency of MemAura under constrained model capacity. Furthermore, MemAura shows favorable token usage
and latency, making it both efficient and practical for real-world deployment.
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A COMMAND DATASET

A.1  Smart-home scenario command dataset

Command Number Command

Explicit Command

1 make it less chilly in here

2 help me cool off

3 make it less stuffy in here

4 turn the AC off when it’s cold outside
5 turn the heat off when it’s hot outside
6 make it comfortable at night

7 make it less bright

8 get ready for bed

9 help me see better

10 keep it well-lit after sundown

11 use natural light once the sun is up
12 keep the lights off when I'm gone
13 check the front door

14 lock up

15 let the guest in

16 lock the door when I leave

17 let me know when there’s a visitor
18 keep the home safe during the day
19 turn off the thermostat when I don’t need it
20 save energy when I'm gone
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Command Number Command
21 help me save energy
22 help me lower my power bill
23 set up for a party
24 make it cozy in here
25 help me wind down
26 make it cozy when it rains
27 let me know when the weather is bad
28 help me sleep better
29 clean up the bedroom
30 stop cleaning
31 tidy up the house
32 stop cleaning after sunset
33 don’t clean when people are here
34 clean up while 'm gone
35 give me some privacy
36 let some sun in
37 finish the coffee
38 keep it humid at night
39 I need coffee in the morning
40 let some sun in if the weather is nice

Loosen Command

1 I'm too hot after my shower and I would like to get some cleaning done
2 I want to have coffee at the dining room table and look outside

3 I’'m done watching the match and I'm gonna have some coffee and my dinner
4 People are leaving, let’s wind the party down

5 I'm going to bed

6 I'm going to relax now

7 Can you change the reading lamp to a cooler tone

8 I'm heading out, please make sure everything is turned off

9 I'm leaving for work

10 My friend threw up in the kitchen

11 I'm not sure if I want coffee or tea. Pick one for me

12 Help me make my girlfriend happy

13 My parents are coming to visit

14 I'm hungry, let’s get something ready

15 Watch something just like always

16 Congratulate my birthday

17 My dog just got the floor dirty. 'm gonna go give it a bath, and you take care of the rest
18 I'm about to start an important online meeting

19 I’'m not taking a break this weekend. I'll be working all day

20 I'll do some exercise in living room

21 I want to take a nap

22 The weather outside sucks. Don’t let me see it
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Command Number Command
23 I’'m going out and won’t be back for two days. You take care of everything at home
24 I’'m home. And I'm going to sleep now. Go air out the rest of the place
25 Is someone outside the door? Make sure I'm safe
26 Start the night routine
27 I'll come back late, remember to take care of my cats
28 Let’s have fun

A.2  Smart-office scenario command dataset

Command Number Command

Explicit Command

1 it’s a bit dark, can you help me see better
2 make it a little brighter in here

3 can you dim the lights a touch

4 make it cozy in here

5 give the room a calmer vibe

6 make the lighting more neutral

7 switch to a cooler light, please

8 turn on the desk lamp for me

9 turn off my desk lamp

10 make it a double espresso, please

11 it feels stuffy, get some air moving

12 make it a bit cooler in here

13 warm it up a little

14 set it to a comfortable temperature

15 turn on the AC

16 turn off the AC

17 put the fan on high

18 set the HVAC to auto

19 there’s glare on my screen, close the blinds
20 open the blinds a bit

21 close the blinds halfway

22 let in more daylight

23 I need some coffee

24 the air feels dusty, turn on the air purifier
25 set the purifier to quiet mode

26 turn on the fresh air system

27 turn off the fresh air system

28 turn the room volume up a little

29 turn the volume down, it’s too loud

30 lower the background music volume in the lounge
31 if there is no one watching the TV, then turn it off
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Command Number

Command

32
33
34
35
36
37
38
39
40

we need warm water from the bathroom
turn off the water heater to save energy
the water from bathroom is too hot. Make it more comfortable
turn off the washing machine when it’s work time
please unlock the room door
lock the room door
open the main entrance for a visitor

clean the working place
clean the realxing place

Loosen Command

_
g =N RN [ L NI VS I SR

DN DN NN DNDNDNDNDR = == = = =
O ANV W R O 000NN RWN

I feel gross and tired, can you help me reset
it’s way too stuffy in here, but I don’t want it cold
I can’t focus with this vibe, make it better
make this place feel cozy, but not sleepy
I want it brighter, but I hate glare on the screen
it feels noisy and chaotic, can you make it calmer
I'm freezing, but the air feels dry
I'm about to nap, but I don’t want to mess up my sleep tonight
I'm craving coffee, but I might regret it later
this place is a mess, I need it to look decent fast
I want to clean, but I don’t know where to start
I need the kitchen to be guest-ready in 20 minutes
something smells off, can you deal with it
I spilled something earlier, help me fix it
I need to wind down, but I still have stuff to finish
I'm exhausted, but tomorrow’s going to be intense, help me prep
this room feels off today... can you fix it
I'm feeling anxious, can you help me calm down
I want the dishes taken care of, but I don’t want loud noises right now
I want my office ready by tomorrow morning, figure out the best way
I need a fresh start in here
I need to get into "deep work mode" for an hour, then switch me off
I want it quiet, but not dead silent
make it private in here
I'm leaving soon, make sure I didn’t forget anything important
I want to feel safe and settled tonight
I’'m going to bed, make it sleep-friendly, but don’t mess up my alarms
I'm about to have a call, make the space look and feel professional

B GENERATION PROCEDURE OF THE CONTEXT MEMORY DATASET

LLM-Augmented Real-World Behavior Dataset. We build our memory dataset based on a real-world dataset
HOMER [38]. The original dataset records daily routines from five households, with 60 records per household (300
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records in total). However, it only contains timelines of 22 high-level activities (e.g., brushing teeth or cooking)
and lacks detailed device-interaction logs. We first fill overly long blank intervals in the original dataset. We
follow the International Classification of Activities for Time-Use Statistics [18] from the United Nations Statistics
Division, which includes around 400 sub-activities. After filtering out indoor activities that do not overlap with
HOMER, we instruct an LLM to insert them into the original dataset to keep blank segments shorter than 20
minutes. The LLM prompt is shown below:

Prompt for expanding original dataset.

You are a smart home assistant. You need to fill in the blank periods in a daily activity timeline, ensuring semantic
coherence before and after each inserted activity.

The raw time series is:{timeline}

Some gaps exceed 20 minutes; do NOT fill gaps between ’leave_home’ and ‘come_home’.

Below are several example fillings in CSV format:{example_csv_content}

Please follow these rules when choosing activities to fill:

1. If the entire series does NOT contain any of: {original_activity} — prioritize inserting from this list.

2. Otherwise, consider inserting from: {additional_acticity}

. J

Next, to obtain more diverse records from the limited real-world data, we summarize a base pattern for
each household and then expand it into 10 extended patterns to simulate longer-term records. To model more
fine-grained behaviors, we use few-shot prompting to guide the LLM to generate more realistic and detailed
action units. The LLM prompt is shown below:

Prompt for pattern generation and behaviors generation.

You are a smart home assistant.

{raw_content} is a base pattern of the {activity_name} activity.

Please generate 10 extended patterns based on this base pattern. These extended patterns may vary in total duration
scene transitions, selection of furniture and smart devices, usage scenarios, etc.

I would like you to preserve the original pattern’s personal behavior characteristics while expanding. There are some
smart device in this house:{device_list}

Real-World Fidelity Guarantees. The fidelity of our dataset is rooted in a real-world dataset (HOMER), and
LLMs help substantially to make it more comprehensive and diverse. Nevertheless, to ensure that the resulting
sequences are plausible under an embodied interaction model, rather than merely linguistically plausible, we
validate them in VirtualHome [40], a widely used simulation engine. VirtualHome provides an execution engine
that runs routines as atomic actions in a 3D scene while maintaining explicit object/agent states (e.g., open/closed,
on/off) and enforcing three constraints at each step: object affordances (the target supports the action), state-based
preconditions and effects (the required state must hold and is updated accordingly), and reachability (the agent
must be able to navigate to and physically interact with the target). Invalid steps therefore fail to execute. We use
this as a feasibility filter and retain only routines whose full sequences execute successfully under the simulator’s
rules. For example, attempting to place an item into a closed fridge is rejected unless the routine first opens the
fridge (and navigates into reach), and similarly, actions that mismatch an object’s supported interactions (e.g.,
“open the television”) are disallowed. To execute the routines in our dataset in VirtualHome, we convert them
into action units in the required format using scripts, simulate each routine, and assign timestamps based on the
simulation to validate the fidelity.
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Multi-resident behavior interleaving. The above mentioned step produces single-user simulation traces.
To study multi-user settings, we further construct multi-user households. We first compute the DTW average
distance for each pair of users over time segments, § = avg(DTW (A;, B;)), where a lower DTW distance indicates
higher similarity. We guide the LLM’s merging strategy based on user similarity. For user pairs with low DTW
distance (i.e., more similar behaviors), temporally overlapping activities are merged into a jointly performed
event. For less similar pairs, we instead treat the two users as performing the activities sequentially. Finally, we
feed the merged traces into VirtualHome again for validation. We then assign each record a timestamp derived
from the simulation, ensuring temporal consistency and realism across the dataset.

C QUESTIONNAIRE
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1. DEMOGRAPHIC QUESTIONS

How old are you?
O 18-24 years old
O 25-34 years old
[0 35-44 years old
O 45-54 years old
O 54+ years old

What is your highest level of education?
O High School or less
O Bachelor's degree

O Graduate or professional degree (MA, MS, PhD etc.)

How familiar are you with smart environments?
O Frequently use services in smart environments

O Occasionally use some smart services

O Have little or no familiarity with smart environments.

(Multiple selections allowed) Do you have any smart assistants you often use?
O None

O Siri

O Alexa

O Gemini Home

O Others:
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2. SYSTEM USABILITY SCALE QUESTIONNAIRE

Based on your actual experience during the experiment, please answer the following questions

using a scale from 1 to 5, where 1 means Strongly Disagree and 5 means Strongly Agree.

| think that | would like to use this system frequently.

O1 O2 O3 O4 0O5

| found the system unnecessarily complex.

O+ O2 O3 O4 O5

| thought the system was easy to use.

O1 O2 O3 O4 O5>5

| think that | would need the support of a technical person to be able to use this system.

O+1 O2 O3 O4 O5

| found the various functions in this system were well integrated.

O1 O2 O3 O4 O5>5

| thought there was too much inconsistency in this system.

O+1 O2 O3 O4 O5s
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| would imagine that most people would learn to use this system very quickly.

O1 O2 O3 O4 O5>5

| found the system very cumbersome to use.

O1 O2 O3 O4 0O5

| felt very confident using the system.

O41 O2 O3 O4 O5

| needed to learn a lot of things before | could get going with this system.

O1 O2 O3 O4 0O5
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3. ADDITIONAL QUESTIONNAIRE

Based on your actual experience during the experiment, please answer the following questions

using a scale from 1 to 5, where 1 means Strongly Disagree and 5 means Strongly Agree.

1. MemAura meets the basic needs described in the command.

O+1 O2 O3 O4 Os

2. MemAura meets the basic needs described in the command.

O41 O2 O3 O4 Os

3. MemAura was highly efficient.

O+ O2 O3 O4 0Os

4. The token consumption of MemAura is affordable.

O+ O2 O3 O4 0Os

5. The response latency of MemAura is acceptable.

O+ O2 O3 O4 Os

6. Please briefly describe your experience using MemAura.
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