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Inception: Aligning Agent and Human Memory Through
Consolidation for Always-on AI Wearables

Anonymous Author(s)

Figure 1: Inception consolidates raw egocentric observations from always-on AI wearables into structured memory through

three layers. Timestamped episodic traces of individual objects and events (bottom right) are compiled into semantic context

profiles capturing co-occurrence patterns across situations (middle right), which are further promoted into behavioral schemas

encoding the user’s routines (top right). At runtime, the schema layer generates expectations which detects that a phone

should be carried at departure but remains on the charger, and produces a grounded reminder (left).

Abstract

As AI wearables evolve from on-demand tools into everyday com-
panions, interaction is shifting from discrete query-response turns
to continuous micro-collaboration. Yet current wearable memory
designs still treat interactions as isolated traces, making long-term
support difficult under limited on-device storage, privacy-sensitive
always-on capture, and lack of meaningful interaction pattern
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recognition. We introduce Inception, a framework that struc-
tures memory for always-on AI wearables through three functional
layers based on Complementary Learning Systems (CLS) theory:
episodic memory for instance recognition, semantic memory for
context recognition, and schema memory for routine recognition.
Inception operationalizes memory compression as two transitions,
Episode-to-Semantic (E->S) and Semantic-to-Schema (S->K), which
transform raw observations into reusable situational and behavioral
knowledge. This framing enables top-down routine exception de-
tection and bottom-up cross-context transfer, two complementary
interaction modes that each traverse all three layers. Inception
provides a pathway toward realizing the alignment between human
and always-on AI agents.
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1 Introduction

Wearable assistants are now appearing in both research and prod-
ucts: from task guidance that answers in-situ questions [13], to
consumer devices that support capture and assistance, such as
Plaud NotePin [41] and Meta Ray-Ban glasses [36]. The interaction
pattern between the user and the intelligent wearable system is pro-
gressively transitioning from occasional query-response exchanges
to continuous micro-collaboration. Once the interaction becomes
continuous, a memory system is necessary for the system to carry
context, preferences, and routines over time.

This creates three problems for memory design. First is storage:
always-on devices accumulate large volumes of first-person data,
while on-device storage is limited, so simply retaining all traces is
infeasible over long-term use [54]. Second is privacy concerns: A
cloud-first alternative can potentially solve the capacity limitations,
but always-on capture often records intimate personal contexts,
people may be reluctant to share this data with a cloud service;
otherwise, it becomes unclear who actually owns the resulting
memory [4, 11, 16]. Third is representation: for continuous collabo-
ration, solely retaining isolated traces is not sufficient. The assistant
must also understand the situational context in which objects ap-
pear and recognize recurring behavioral routines, so that it can
provide proactive support without requiring repeated explicit speci-
fication from the user [44]. Consider a user who wears smart glasses
throughout their daily routine. The system should not only accu-
mulate the traces that running shoes were seen near the door on
weekday evening, but also recognize that the water bottle, running
shoes, and door consistently co-occur in the early evening, then
understand that this pattern reflects an evening jogging routine.

Most of the recent works are designed around query-response
behavior, and they mainly focus on discrete snapshots and short-
horizon episodic recall [7, 27, 30, 42, 64]. For instance, Satori [30]
infers user intent and task state to provide immediate next-step
guidance; Memoro [64] focuses on concise real-time memory aug-
mentation. These contributions establish strong baselines for in-the-
moment assistance. Yet as wearable assistants shift from session-
based tools to always-on companions, the quality of assistance
should improve with prolonged use: an agent that assists on day
thirty should know more about the user than the one that assisted
on day one. This requires the system to progressively compile inter-
action traces into a structured understanding of the user’s contexts,

preferences, and routines. The system should build a long-term
memory that increasingly aligns with how the user themselves
organizes their daily life. With this alignment, the agent becomes a
collaborator that grows with the user over time.

In this paper, we argue that always-on assistance requires mem-
ory consolidation, the process by which fragmented experiences are
progressively reorganized into structured knowledge [15]. Inspired
by consolidation perspectives in cognitive science [28, 34, 57], In-
ception defines three memory layers, each operating at a distinct
level of recognition:

• Episodicmemory (instance recognition): identifies and tracks
specific objects and events — what was seen, where, and
when. Example: "your blue water bottle was last seen near
the fountain at 7:15 PM."

• Semantic memory (context recognition): understands situa-
tional contexts and what typically belongs in them — the
relationships between objects, locations, times, and activi-
ties. Example: "you usually bring the water bottle with you
when jogging after dinner."

• Schema memory (routine recognition): recognizes recurring
behavioral patterns and routines that span across contexts.
Example: "you jog every evening after dinner."

The framework uses two compression transitions:
• E->S (Episode-to-Semantic): aggregates instance-level ob-

servations into contextual knowledge — learning what ob-
jects, locations, and actions co-occur within recognizable
situations.

• S->K (Semantic-to-Schema): compiles contextual regulari-
ties into stable behavioral routines that generalize across
settings.

This layered recognition structure enables two complementary
interaction modes, each traversing all three layers:

(1) Routine exception detection (Top-down): a recognized rou-
tine (Schema) generates expectations about what should
be present in the current context (Semantic), which are
checked against actual observations (Episodic). For example,
the system knows the user jogs after dinner (Schema), ex-
pects the water bottle to be present during jogging (Seman-
tic), notices it is absent (Episodic), and proactively reminds
the user that the bottle was last seen near the fountain.

(2) Cross-context transfer (Bottom-up): a current observation
(Episodic) is matched to a known situational context (Se-
mantic), which activates a routine from a different setting
(Schema). For example, the system recognizes the user’s
cast-iron pan at a campsite (Episodic), understands this pan
typically appears in dinner-cooking contexts (Semantic),
and suggests the user could cook steak as they usually do
at home (Schema).

To bridge framework and practice, we instantiate Inception in an
AI assistant system. We evaluate Inception through two comple-
mentary methods: an automated ablation study using LLM-as-judge
scoring across multiple stochastic runs, and a within-subjects user
study (N=12) comparing Inception against an episodic baseline.
Our results reveal a functional boundary in memory-augmented
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assistance: consolidation uniquely enables inference tasks that re-
quire reasoning from compiled routines where neither raw episodic
retrieval nor partial consolidation can succeed. This boundary
emerges consistently across both the automated ablation study
and the user study.

2 Related Work

Our work draws on three research threads: proactive wearable as-
sistance, egocentric memory augmentation, and cognitive theories
of memory consolidation. Below we review each area and position
Inception’s contribution relative to the current state of the art.

2.1 Intelligent Wearable Assistants

Intelligent wearable assistants are rapidly diversifying across form
factors, from Mixed Reality headsets [2, 35] and smart glasses [36]
to pendant and clip-on wearables [24, 41]. Despite this diversity, all
of these systems face a shared design tension: effective proactive
assistance requires balancing the expected value of intervening
against the cost of disrupting the user [26], and user tolerance for
such initiative is highly context-dependent [37].

Recent research systems have explored specific facets of this
design problem across form factors . ProMemAssist [42] models the
user’s working memory to estimate cognitive availability, achiev-
ing selective delivery from a large pool of candidate messages in
a within-subject evaluation. Memoro [64] takes a different angle
on minimizing conversational disruption by using its queryless,
concise-response strategy to reduce output length while maintain-
ing conversational quality. Persistent Assistant [7] and Sensible
Agent [29] emphasize context-adaptive interaction loops that adapt
to the user’s current social and physical context. Satori [30] fore-
casts user task actions by modeling intention through a belief-
desire-intention framework and presents proactive guidance.

These contributions collectively advance the timing and con-
tent to deliver across a range of device categories and interaction
contexts. However, each system’s decisions are grounded in the
present moment, with no mechanism to carry forward what the
system has learned from one interaction to enrich the next.

2.2 Egocentric and Object-Centric Memory

Augmentation

In the specific area of memory augmentation, several systems have
demonstrated that language-encoded and context-augmented re-
trieval can support personal memory question-answering. AiGet
leverages sensing data from AR glasses to construct a knowledge
library of the user’s daily life and provide proactive interaction
[6]. Encode-Store-Retrieve converts egocentric video into language-
encoded memory units stored in a vector database, reporting strong
performance on episodic recall benchmarks [47]. OmniQuery ex-
tends this by integrating contextual information across intercon-
nected memories using metadate of media files [31]. Memento
combines proactive resurfacing with context recognition in AR,
triggering recalled memories in everyday settings [27]. Unobtrusive
Physical AI [23] augments everyday objects with context-aware
intelligence and robotic motion.

As these systems aim to become always-on companions, they
must also decide what knowledge to accumulate, compress, and

carry forward across interactions to have richer meaning [38, 59].
Dasgupta and Gershman frame memory itself as a computational
resource with explicit storage and retrieval costs [10], implying that
the quality of proactive assistance depends more on the structure
of what it has learned to remember for more meaningful inter-
actions with the users. Inception complements this foundation
with explicit consolidation stages that progressively restructure
raw observations into higher-level representations.

2.3 Cognitive Foundations of Memory

Consolidation

Inception’s architecture draws on cognitive and neuroscience the-
ories of how biological memory organizes, compresses, and restruc-
tures experience. We review the theoretical threads that motivate
our design.

Complementary learning systems. CLS theory shows that biolog-
ical memory separates rapid encoding of specific episodes from
slower extraction of statistical regularities [28, 34]. Consolidation
research further shows thatmemory traces are actively transformed,
not passively stored [15, 45, 57], and that this transformation im-
proves future prediction [49]. These findings motivate Inception’s
separation into episodic, semantic, and schematic layers with selec-
tive promotion between them.

Episodic memory and event-specific encoding. Instance-level mem-
ories are organized by spatiotemporal context: what was experi-
enced is encoded with where and when it occurred, and this binding
determines both retention and later access [8, 43, 47, 52, 53]. This
motivates Inception’s episodic layer as an instance recognition
system that preserves observations bound to their spatiotemporal
metadata.

Personal semantics and scene-object binding. Knowledge about
one’s own life is more abstract than episodic recollection yet more
self-specific than generic world knowledge [44]. Scene grammar
research shows that object memory is structured by relational and
spatial context, making violations of expected object-scene relations
perceptually salient [5, 14, 25]. These findings motivate Inception’s
relational features in semantic profiles and its exception-detection
mechanisms.

Schema theory. Schemas are knowledge structures built from re-
peated experience that both accelerate encoding of expected events
and flag deviations — including triggering reconsolidation when
prediction errors are sustained [3, 18–20, 48, 51]. This dual role
directly motivates Inception’s schema layer and its top-down ex-
ception detection: compiled routines generate expectations about
what should be present, and mismatches trigger proactive assis-
tance.

While these principles have been studied individually, few inter-
active systems have operationalized them as a unified memory ar-
chitecture for always-on wearable assistance. Inception translates
progressive memory consolidation into a systems-and-interaction
design.

3
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Figure 2: Inception Workflow. (A): Egocentric video feed. (B): A multi-modal perception pipeline detects objects, computes

visual embeddings, and describes scenes, fusing results into a structured context. (C): A three-tier memory hierarchy

consolidates observations: raw episodic observations are clustered into semantic co-occurrence patterns, which are synthesized

into stable schematic routines. (D): At runtime, the engine traverses the hierarchy in two modes: top-down (K→S→E) to detect

missing items by matching context against routines, and bottom-up (E→S→K) to transfer learned routines to new

environments. (E): Structured proactive assistance is delivered to the user.

3 Designing Inception

This section describes the design and implementation of Inception.
We first present the design goals that motivated architectural deci-
sions, then describe how raw egocentric observations are compiled
into higher-level memory representations.

3.1 Design Goals

The following design goals address the central challenge of aligning
agent memory with the user’s long-term behavior.

DG1: Functionally partitionedmemory. Episodic traces, situational
profiles, and behavioral routines serve distinct functions and de-
grade when conflated. The architecture must partition memory by
function, with evidence-thresholded promotion between layers.

DG2: Progressive abstraction. An assistant that retains only raw
traces has the same capacity on day thirty as on day one. The system
requires an explicit compilation path from instance observations to
contextual knowledge to behavioral routines.

DG3: Exception-sensitive consolidation. Not all regularities should
be promoted. When recent observations deviate from a compiled
pattern, promotion should be blocked until the pattern re-stabilizes.

DG4: Context-portable abstraction.Cross-context transfer requires
compiled knowledge that generalizes beyond surface features. Schemas
must encode functional roles and co-occurrence structure so that
recognizing a familiar item in a new setting can activate associated
routines.

3.2 System Architecture

We instantiate these design goals as a staged perceive-compile-
interact architecture (Figure 2) with four components: (1) a continu-
ous episodic perception pipeline that continuously captures object
identity, location, action, and contextual metadata from the user’s
egocentric perspective (DG5); (2) a periodic semantic compilation
stage (E→S) that periodically clusters co-occurring episodic obser-
vations into situational context profiles (DG2, DG3); (3) a periodic
schema compilation stage (S→K) that promotes stable contextual

regularities into behavioral routines through conservative multi-
criterion gating (DG1, DG3, DG4); and (4) a runtime interaction
engine that traverses all three layers in either exception detection
or cross-context transfer.

The system follows a hybrid deterministic-plus-LLM pattern.
Recent works on guidance and knowledge ecosystem for LLMs
[9, 60, 61] demonstrate that structured, deterministic pipelines can
be effectively augmented with language model capabilities. In In-
ception, deterministic components handle gating, scoring, distance
computation, and state management. LLM components contribute
natural-language pattern naming, routine synthesis, and contextual
summarization. Deterministic fallbacks ensure the pipeline remains
functional when LLM outputs are absent or malformed.

3.2.1 Tier 1: Episodic Perception Pipeline. The episodic layer must
continuously encode observations with enough richness to support
both runtime retrieval and downstream E→S compilation. This
creates a few tensions: rich scene understanding requires expen-
sive inference from vision language models (VLMs), but always-on
capture demands lightweight processing. To address these tensions,
three strategies are adopted to balance perceptual richness with
processing efficiency.

Dual-layer perception: Inception uses two processing layers at
different cadences. DINOv2 ViT-S/14 [39], a vision encoder runs on
every sampled frame, producing compact embeddings suitable for
fast similarity comparison. A VLM (Gemini-2.5-flash) [21] generates
rich natural-language scene descriptions, but only when the visual
encoder indicates a scene transition so that it can avoid per-frame
VLM latency costs.

Item discovery: The system discovers tracked items through a
VLM-first dual-modality pipeline. The VLM analyzes each scene-
changed frame using an open-ended prompt and returns identified
objects and actions without a predefined object list. These identi-
fied objects then drive GroundingDINO [32] localization for precise
bounding boxes. Detections are confirmed only when both modal-
ities agree: the VLM identifies an object by name, and the visual
encoder localizes and encodes it. Confirmed detections are matched
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against a running item registry; new items are created automatically
on first observation, and their canonical embeddings are updated
as running averages across re-observations.

Each episodic observation stores: object identity, visual embed-
ding, VLM description, scene context, action, location, timestamp,
and confidence, which can provide both structured similarity for
compilation and natural-language grounding for interaction.

3.2.2 Tier 2: Episode-to-Semantic Compilation (E→S). The E→S
transition discovers which observations regularly co-occur in rec-
ognizable situations, transforming raw episodes into contextual
knowledge. Consider a user observed over three mornings: each
day around 6:45 AM, the system separately detects a water bottle
near the door, running shoes by the entrance, and the user packing
a bag. Individually, these are isolated sightings. The E→S stage
asks: Which observations belong to the same situational context?

Multimodal distance clustering: A composite distance between
pairs of episodic observations across four channels is computed:

𝑑 (𝑒𝑖 , 𝑒 𝑗 ) =
∑

𝑐∈C 𝑤𝑐 · 𝑑𝑐 (𝑒𝑖 , 𝑒 𝑗 )∑
𝑐∈C 𝑤𝑐

where C ⊆ {𝑡𝑖𝑚𝑒, 𝑜𝑏 𝑗𝑒𝑐𝑡, 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑, 𝑎𝑐𝑡𝑖𝑜𝑛} is the set of avail-
able channels for both observations, and 𝑑𝑐 is the cosine distance in
each channel: 𝑑time captures temporal proximity via cyclical time-
of-day embeddings, 𝑑object compares DINOv2 visual embeddings
for object identity, 𝑑background compares scene context embeddings,
and 𝑑action compares action descriptions. We weight object identity
most heavily, as co-occurrence of the same items is the strongest
signal for recognizing a recurring situation in our target scenar-
ios. Normalizing by available weights ensures graceful degradation
when an observation lacks a particular modality.

In the morning routine example, the water bottle’s repeated
appearance near the door at similar times, alongside the same run-
ning shoes, produces small distances across all four channels —
clustering these observations together. A one-time co-occurrence
with an umbrella on a rainy morning would not cluster, because its
temporal and object-identity distances to the jogging observations
are large.

Density-based grouping with support thresholds: A density-based
clustering (𝜖 = 0.45, 𝑚𝑖𝑛𝑃𝑡𝑠 = 3) is applied over the resulting
distance matrix. Only groups meeting at least 3 observations are
promoted. Observations that do not reach cluster density remain
as episodic evidence.

Semantic profiles: Each promoted cluster produces a situational
context profile containing temporal distributions, location distribu-
tions, typical co-occurring objects, typical actions, support count,
and confidence. In our evaluation (Section 4), the E→S stage com-
pressed 73 episodic observations into 5 semantic patterns — a 14.6:1
reduction that retains the contextual structure needed for down-
stream schema compilation.

3.2.3 Tier 3: Semantic-to-Schema Compilation (S→K). Not every
semantic regularity should become a routine. The S→K stage de-
termines which semantic patterns have enough evidence and con-
sistency to warrant promotion to behavioral routines.

Conservative two-stage promotion: First, a deterministic gate eval-
uates each candidate pattern against multiple criteria simultane-
ously: sufficient total observations (≥ 5), sufficient active days (≥ 2),

high mean confidence (≥ 0.55), low exception ratio (≤ 0.7), and
sufficient importance (≥ 0.35) (DG3). A pattern that is frequent but
inconsistent, or consistent but too recent, does not pass.

Second, patterns that pass the gate undergo routine synthesis. An
LLM generates a natural-language routine summary and a role label
(e.g., primary hydration item, general supporting item) describing
the item’s function within the routine. This functional labeling
enables cross-context transfer (DG4): when the system recognizes
a familiar item in a new environment, it retrieves the associated
routine through shared item identity and co-occurrence structure
rather than requiring an exact environmental match.

Adaptive importance with decaying reinforcement: A pattern not
observed for weeks should fade in influence, while one that con-
tinues to recur should strengthen. Semantic pattern importance is
modeled as a weighted combination of recency decay, saturating
reinforcement from repeated observations, and evidence quality:

𝐼 (𝑡) =
𝑤𝑟 · 𝑅(𝑡) +𝑤𝑟 𝑓 · 𝑆 (𝑛) · 𝑅(𝑡) +𝑤𝑢 · 𝑢

𝑤𝑟 +𝑤𝑟 𝑓 +𝑤𝑢

·𝑄 (𝑐)

where 𝑅(𝑡) = 𝑒−𝜆Δ𝑡 is a recency term (𝜆 = 0.08/day) that decays
exponentially with time since last reinforcement, 𝑆 (𝑛) = 1 − 𝑒−𝛼𝑛

is a saturating reinforcement term over 𝑛 observations, 𝑢 ∈ [0, 1] is
user-assigned utility, and 𝑄 (𝑐) scales the score by evidence quality.
The weights𝑤𝑟 (recency),𝑤𝑟 𝑓 (reinforcement), and𝑤𝑢 (user utility)
are set to 0.6, 0.3, and 0.1 respectively, reflecting the design priority
that recent patterns should dominate the system’s behavior. The
key design property is that reinforcement is multiplied by recency,
so a pattern frequently observed months ago does not retain high
importance without fresh evidence, mirroring the biological prin-
ciple that consolidated memories require periodic reactivation to
maintain accessibility [15].

Exception pressure: Reconsolidation-style gating [48] is operated
as an exception ratio over recent observations: when the proportion
of observations that deviate from a pattern’s expected distribution
exceeds a threshold, S→K promotion is blocked. For instance, if
the user stops jogging for a week and the water bottle no longer
appears near the door in the evenings, the exception ratio rises and
the system withholds promotion, preventing it from compiling a
routine that the user’s recent behavior contradicts.

3.3 Runtime Interaction

The runtime engine reads from pre-compiled memory layers and
traverses all three in either direction: top-down for exception de-
tection and bottom-up for cross-context transfer.

Exception detection (top-down): When the user enters the kitchen
on day four for their morning routine, the schema tier generates
expectations: all four items should be present. The semantic tier
provides each item’s typical location and temporal window. The
episodic tier checks current observations against these expectations
and finds that the water filter is absent. The system traverses K →
S→ E and produces a proactive reminder: "Your water filter was
last seen near the sink yesterday evening", grounding the alert in
compiled routine knowledge rather than raw retrieval.

Cross-context transfer (bottom-up): Now consider a different trig-
ger: the user uses the dorm kitchen, where their lunchbox is recog-
nized via visual embedding similarity (episodic). The semantic tier
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retrieves the water bottle’s contextual profile — it typically appears
in the morning routine contexts alongside specific co-occurring
items. The schema tier activates the associated cooking routine
in this new setting and suggests the user could prepare a familiar
lunch with available equipment. The system traverses E → S →
K, and this transfer is possible because the schema encodes func-
tional roles and co-occurrence structure rather than surface-level
environmental features (DG4).

In both modes, LLM prompts are constructed from structured
memory fields (pattern summaries, co-occurrence statistics, tem-
poral distributions, episodic details). This ensures responses are
grounded in compiled knowledge while remaining traceable to
source evidence.

4 System Evaluation

We evaluate Inception through two complementary methods: (1)
an automated ablation study using LLM-as-judge scoring across
multiple stochastic runs, which isolates the contribution of each
memory layer, and (2) a within-subjects user study (N=12) in which
participants rate and compare system outputs. The automated eval-
uation provides statistical power through repeated trials; the user
study validates that the measured differences are perceptible and
meaningful to real users.

4.1 Evaluation Scenarios

The evaluation targets two interaction patterns: exception detection,
where the system identifies deviations from an established routine,
and cross-context transfer, where the system applies a known routine
in a new environment. Ground-truth item presence is used to isolate
the contribution of the memory consolidation architecture.

We designed eight scenarios organized into two trial plots: four
targeting exception detection (P1E1–P1E4) and four targeting cross-
context transfer (P2T1–P2T4). Each scenario has two phases. A setup
phase establishes the user’s routine through repeated observation
in the video clips across 3 days, making objects and their roles
visually clear through repetition. A trigger phase presents a moment
requiring system intervention. We recorded all scenarios as first-
person video with an actor performing everyday tasks using a Meta
Rayban [36].

Plot 1 — Home Kitchen Morning (exception detection). The
setup consists of three pre-recorded egocentric videos of a morning
kitchen routine. The system ingests these videos through the per-
ception pipeline, discovering 4 tracked items — water filter, water
bottle, lunch box, and phone, then it records 73 episodic observa-
tions across 3 simulated mornings. The trigger phase presents 4
exception moments: 3 *absent* trials where one item is missing
from the scene (water filter, water bottle, lunch box), and 1 *left-
behind* trial where the user is leaving the house but the phone
remains visible on the counter.

Plot 2 — Dorm Kitchen (cross-context transfer). The system’s
memory comes entirely from Plot 1 — no new observations are
ingested. The user uses the dorm kitchen, where the same items
appear in an unfamiliar environment. The trigger phase presents
4 transfer trials mirroring Plot 1: 3 absent items and 1 left-behind
phone. The system must transfer its compiled routines from the
home kitchen to this novel setting.

In total, we evaluate on 8 trials (4 exception + 4 transfer) covering
two detection modes (absent and left-behind) and two interaction
paths (top-down schema-driven and bottom-up transfer).

4.2 Automated Ablation Study

To isolate the contribution of each memory layer, we conduct a
systematic ablation that removes consolidation stages one at a time.
We compare three conditions (full system, semantic-only, and flat
episodic baseline) across all eight trial scenarios, running each
condition multiple times to account for LLM output stochasticity.
An independent LLM judge scores each output on correctness,
specificity, and false alarm rate.

4.2.1 Conditions. We compare three ablation conditions, each pro-
ducing the same structured four-slot output (situation understand-
ing, suggested action, rationale, memory reference):

1. E+S+K (full system): All three memory layers. The runtime
traverses K → S → E for exception detection (top-down) and E →
S→ K for transfer (bottom-up).

2. E+S (no schema): Episodic and semantic layers only. Multi-
modal clustering discovers co-occurrence patterns, but no schema
promotion occurs. The runtime matches semantic patterns to the
current context.

3. E-only (baseline): Flat episodic retrieval with LLM reasoning.
No consolidation layers. Retrieves recent observations for all known
items and passes them to the same LLM for free-form reasoning, but
the baseline is not artificially constrained and may infer patterns
from raw data.

All conditions use the same LLM (Gemini 2.5 Flash [21]), the same
episodic observation data, and the same item set. The only variable
is which consolidation layers are active. This ensures differences in
output quality are attributable to the memory architecture.

4.2.2 Method. As the output of LLM is often stochastic, a single
run cannot establish whether performance differences are reliable.
To address this, we run each condition 10 times per trial with
linearly spaced temperatures from 0.0 to 0.7 (capturing the range
from deterministic to moderately creative generation), producing 8
trials × 3 conditions × 10 rounds = 240 system outputs.

LLM-as-Judge Scoring. Manual evaluation of 240 outputs across
three scoring dimensions would require substantial annotator effort
and introduce inter-rater variability. Recent work has demonstrated
that strong LLMs can serve as scalable and reliable evaluators of gen-
erated text, achieving agreement with human judges that matches
inter-annotator agreement levels [62]. This LLM-as-judge para-
digm has been adopted in HCI research for tasks ranging from
large-scale screenshot coding [22] to interactive prompt evalua-
tion [12], with validation studies consistently reporting substantial
agreement with human raters [46, 63]. Following this approach,
each output is scored by an independent LLM judge (Gemini 2.5
Flash [21], temperature 0) on three dimensions:

• Correctness (binary): Does the output identify the ground-
truth missing or left-behind item by name?

• Specificity (1–5 Likert): Does the output provide contex-
tual detail—item location, routine relevance, temporal context—
beyond simply naming the item?
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• False alarm (binary): Does the output incorrectly flag items
that are not the ground-truth target?

Correctness and false alarm are objective criteria with unambigu-
ous ground truth, minimizing the subjectivity concerns that can
affect LLM judges on open-ended tasks [50]. Specificity is the only
subjective dimension; we use a structured rubric with anchored
examples at each scale point to reduce rating variance.

We report per-condition means with 95% confidence intervals
and test for significance using the Friedman test (non-parametric
repeated measures) with Wilcoxon signed-rank post-hoc compar-
isons and Bonferroni correction (𝛼 = 0.05/3 = 0.0167).

4.3 User Study

We then evaluate whether the three-tier memory architecture pro-
duces better proactive assistance than a flat retrieval baseline. Twelve
participants watched pre-recorded scenario videos depicting daily
routines, then rated the assistance outputs produced by each sys-
tem.

4.3.1 System Outputs. For each trigger moment, we generated two
textual assistance outputs: one from Inception and one from the
baseline. Inception draws on all three memory tiers as described.
The baseline stores all observations as a flat memory stream with
simple summarization. When a trigger moment occurs, the baseline
retrieves the most relevant entries via embedding similarity and
generates assistance from the retrieved context without distinguish-
ing between episodic, semantic, and schematic information. Both
outputs were normalized for style and length to prevent participants
from distinguishing conditions based on surface features.

4.3.2 Participants and Procedure. We recruited 12 participants
(9 male, 2 female, 1 non-binary; 10 aged 18–24, 2 aged 25–34;
9 East/Southeast Asian). Participants were compensated with 15
Canadian dollars per hour and the study lasted approximately 30
minutes. All participants were at least 18 years old and provided
informed consent independently.

Table 1: Participant Demographics

ID Age Gender Race/Ethnicity AI Wear.

P1 18–24 W E/SE Asian Med Low
P2 25–34 M E/SE Asian High High
P3 18–24 M South Asian High Med
P4 18–24 W E/SE Asian Med Low
P5 18–24 M E/SE Asian High Low
P6 18–24 M E/SE Asian High Med
P7 18–24 M E/SE Asian Med Med
P8 18–24 W E/SE Asian Med Med
P9 18–24 M E/SE Asian Med Med
P10 25–34 M White Med Low
P11 18–24 M E/SE Asian High Med
P12 18–24 M White Med Med
W =Woman, M = Man, Med = Moderate

AI = AI Familiarity, Wear. = Wearable Familiarity

The study followed awithin-subjects design. Participantswatched
scenario videos and evaluated the textual outputs each system pro-
duced. For each scenario, both systems’ outputs were presented

Figure 3: The interface for the participants to review the

plot videos and the suggestions by both the full system and

the flat baseline.

simultaneously and unlabeled, enabling direct comparison without
order effects (Figure 3).

At each trigger moment, participants rated each system’s output
on a 7-point Likert scale (1 = poor, 7 = excellent). For exception
trials, the prompt asked: “How well did the system detect and ex-
plain the deviation?” For transfer trials: “How well did the system
apply known routines?” Participants also made a forced-choice
selection of which system’s response was better. After all scenarios,
participants rated each system on comprehension (“I could under-
stand what the system was doing”) and adoption intent (“I would
be willing to use a system like this in real life”) on 7-point scales,
and responded to four open-ended questions addressing prefer-
ence rationale, information repetitiveness, handling of unexpected
situations, and trust.

4.3.3 Analysis. Forced-Choice Preference: Forced choice is the most
robust measure in the study because it forces a direct comparison
and eliminates scale-use bias. We report pooled proportions with
exact (Clopper-Pearson) 95% confidence intervals and binomial
𝑝-values as descriptive context. Because the 96 comparisons (12
participants × 8 scenarios) are not independent, the primary infer-
ential test treats the participant as the unit of analysis: for each
participant, we compute the proportion of choices favoring the
baseline out of four trials per type, then test the deviation from
0.5 with a Wilcoxon signed-rank test. We report Cohen’s 𝑔 for
proportions and matched-pairs rank-biserial 𝑟 for Wilcoxon tests.

Likert Ratings by Trial Type: For each participant, we compute
the median of their four ratings per system per trial type. The paired
difference (baseline − Inception) across 12 participants is tested
with a Wilcoxon signed-rank test, separately for exception and
transfer trials. Comparing the effect sizes across trial types reveals
whether any system advantage is specific to one capability.

Comprehension and Adoption Intent: We compare the two single-
item measures using Wilcoxon signed-rank tests on paired dif-
ferences. These analyses are exploratory given limited power at
𝑁 = 12.

Qualitative Analysis: In addition to the quantitative measures,
participants responded to two open-ended questions: one asking
them to provide rationale for their system preference, and one
asking whether they would trust such a system in their daily life.
Two researchers reviewed these responses to identify recurring
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patterns and organized them into descriptive categories. Repre-
sentative quotes are included in the results to contextualize and
supplement the quantitative findings.

Statistical Approach: All paired comparisons use the Wilcoxon
signed-rank test, which makes no distributional assumptions and
is appropriate for ordinal data at small 𝑁 . The exception/transfer
split is pre-planned and reflects the study’s trial structure; 𝑝-values
are reported without correction for multiple comparisons. Effect
sizes are reported throughout.

5 Results

We present results in two parts. The automated ablation study estab-
lishes where architectural differences manifest across 240 system
outputs, and the user study then examines whether these differ-
ences are perceptible and meaningful to participants, and surfaces
qualitative tensions around tone and trust that the automated eval-
uation cannot capture.

5.1 Automated Ablation Results

We first report aggregate performance across all 80 outputs per
condition to establish overall differences between memory configu-
rations, then examine per-trial correctness to identify the specific
scenarios that drive these differences.

5.1.1 Aggregate Results. Table 2 summarizes the aggregate results
across 80 scored outputs per condition (8 trials × 10 rounds).

Metric E+S+K (Full) E+S (No Schema) E-only (Baseline)

Correctness 0.93 [0.87, 0.98] 0.56 [0.45, 0.67] 0.75 [0.65, 0.85]
Specificity (1–5) 4.78 [4.62, 4.93] 3.33 [2.90, 3.75] 3.89 [3.53, 4.25]
False Alarm Rate 0.01 0.00 0.25

Table 2: Aggregate scores (mean [95% CI]) across 80 outputs

per condition. Bold indicates best performance.

All pairwise differences are statistically significant. The Friedman
test reveals significant main effects for correctness (𝜒2 (2) = 33.21,
𝑝 < .001), specificity (𝜒2 (2) = 30.33, 𝑝 < .001), and false alarm rate
(𝜒2 (2) = 36.29, 𝑝 < .001). Wilcoxon post-hoc comparisons confirm
significance for all pairs after Bonferroni correction: E+S+K vs. E-
only (correctness: 𝑝 = .006; specificity: 𝑝 < .001), E+S+K vs. E+S
(all 𝑝 < .001), and E-only vs. E+S (correctness: 𝑝 < .001; specificity:
𝑝 = .003).

5.1.2 Per-Trial Analysis. Table 3 reports correctness rates (cor-
rect/10 rounds) for each trial, revealing where the architectural
differences manifest.

Three patterns emerge:
Pattern 1: Simple absent-item detection is solvable by all

conditions. For Plot 1 absent trials (p1_e1–p1_e3), all three condi-
tions achieve 10/10 correctness. When an item is simply missing
from a familiar context and the system has episodic observations
of its typical presence.

Pattern 2: Left-behind detection requires schematic knowl-

edge. Both left-behind trials (p1_e4, p2_t4) show a binary separa-
tion: E+S+K achieves 10/10 while both E-only and E+S score 0/10.
Left-behind detection requires knowing that a visible item should

Trial Mode Missing Item E+S+K E-only E+S

p1_e1 absent water_filter 10/10 10/10 10/10
p1_e2 absent water_bottle 10/10 10/10 10/10
p1_e3 absent lunch_box 10/10 10/10 10/10
p1_e4 left_behind phone 10/10 0/10 0/10
p2_t1 absent water_filter 9/10 10/10 5/10
p2_t2 absent water_bottle 7/10 10/10 0/10
p2_t3 absent lunch_box 8/10 10/10 10/10
p2_t4 left_behind phone 10/10 0/10 0/10

Table 3: Per-trial correctness across 10 rounds. Left-behind

trials (p1_e4, p2_t4) are only solvable by E+S+K.

be carried during departure, a knowledge that only exists in the
schema layer’s routine order encoding. Without compiled routines,
neither raw retrieval nor semantic patterns can distinguish “item
is present (normal)” from “item is present but should be taken
(exception).”

Pattern 3: Cross-context transfer degradeswithout schemas

but is partially recoverable by baseline. In Plot 2, E+S+K shows
some variance (7–9/10 on absent trials) because transfer requires
mapping compiled routines to unfamiliar contexts. Unexpectedly,
E-only (baseline) achieves 10/10 on all absent transfer trials: the
LLM can reason from raw observations that “this item was always
present before, so it should be here too” without needing explicit
routines. However, E+S performs worst (0–5/10 on two trials), sug-
gesting that partial consolidation without schema compilation can
mislead the LLM with incomplete pattern information.

5.2 User Study Results

We report the user study results in four parts: forced-choice prefer-
ence as the primary measure of perceived quality, Likert ratings for
a complementary continuous assessment, comprehension and adop-
tion intent as exploratory measures, and qualitative observations
from open-ended responses.

5.2.1 Forced-Choice Preference. Across all 96 comparisons (12 par-
ticipants × 8 scenarios), participants preferred Inception’s output
in 58 cases (60%). This overall split did not reach significance on
a pooled binomial test (𝑝 = .052), though the pooled test is anti-
conservative because comparisons within each participant are not
independent. The more informative pattern emerges when excep-
tion and transfer trials are examined separately.

On exception trials, participants preferred Inception in 34 of
48 comparisons (71%). At the participant level, 7 of 12 favored
Inception on a majority of exception trials, while only 1 favored the
baseline; 4 participants split evenly. A Wilcoxon signed-rank test
on per-participant deviations from chance confirmed a significant
preference for Inception (𝑝 = .039, 𝑟 = −.86). The effect was large.

On transfer trials, preferences were evenly split (24 vs. 24). Four
participants favored Inception on a majority of transfer trials, three
favored the baseline, and five were tied. The Wilcoxon test showed
no departure from chance (𝑝 = 1.000, 𝑟 = −.04).

The forced-choice results indicate that Inception’s advantage
over the baseline is specific to exception detection and does not
extend to cross-context transfer.
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Figure 4: Forced-choice preference by trial type (𝑁 = 12).

5.2.2 Likert Ratings by Trial Type. Layer-specific ratings followed
the same pattern as the forced-choice data, though the differences
did not reach significance.

On exception trials, Inception received higher median ratings of
perceived output quality than the baseline (5.0 vs. 4.2), correspond-
ing to a medium effect (𝑝 = .176, 𝑟 = −.46). On transfer trials, both
systems received similar median ratings (Inception: 5.8, baseline:
6.0; 𝑝 = .625, 𝑟 = −.20).

Figure 5: Layer-specific Likert ratings by trial type (𝑁 = 12).
Each line connects one participant’s median ratings.

5.2.3 Comprehension and Adoption Intent. Participants rated both
systems similarly on comprehension. Median ratings for “I could
understand what the system was doing” were 6.0 for both Inception
and the baseline, with no significant difference (𝑝 = .469, 𝑟 = −.36).

Willingness to use the system in real life also did not differ
between conditions (Inception: Mdn = 4.5, baseline: Mdn = 5.0;
𝑝 = 1.000, 𝑟 = −.02). Inception’s advantage in exception handling
did not translate into greater perceived adoptability.

5.2.4 Qualitative Observations. Open-ended responses revealed
several recurring patterns in how participants evaluated the two
systems, broadly relating to the trade-off between specificity and
autonomy, the role of accuracy in shaping preference, and concerns
around trust and adoption.

Specificity versus autonomy. Participants frequently con-
trasted Inception’s direct, detailed instructions with the baseline
system’s gentler, more suggestive tone. P1 noted that Inception’s
responses “were a lot more specific, like mentioning the location of

the item and the specific task that was related to that item,” which
reduced the mental effort of remembering relevant details. However,
P1 also acknowledged that the baseline system’s softer wording—
such as using “consider” rather than issuing direct commands—
“made me feel more in control and less frustrated.” P7 echoed this,
preferring the baseline system because it “gave reasoning for its
notifications” and “felt more like a reminder, which is what I would
typically want for a morning routine,” whereas Inception “seemed
more demanding and felt less flexible to differences in routine.” P12
similarly found the baseline system “more of a suggestive system
than a demanding system.” Conversely, P6 acknowledged that while
Inception “was making a lot of assumptions” and could be “obtru-
sive,” its focus on routine structure was ultimately more valuable:
“the actual routine component is more valuable to have repeated to
the user rather than the nuances which may change from day to
day.”

Accuracy as a threshold requirement. Several participants
grounded their preference primarily in which system was more
frequently correct. P3 noted that “[The baseline system] often gave
me instructions that were irrelevant, while Inception gave me in-
structions relevant to the current routine.” P10 preferred Inception
because the baseline “misses the point of the scenario” in certain
episodes, concluding that “Inception is less prone to failure.” P12,
however, reached the opposite conclusion, finding the baseline “cor-
rect more of the time and thus more convenient.” Notably, P10 went
further, stating they “would not trust either of these systems as both
seem to be too inaccurate to be useful,” suggesting that accuracy
functioned as a baseline requirement regardless of other qualities.

Conditional trust and adoption barriers.When askedwhether
they would trust the system in daily life, most participants offered
qualified rather than unconditional responses. P1 stated they “might
trust it after trying it for a while or hearing about other people
finding it useful” and expressed a desire to “tweak the responses
so I can personalize them manually.” P11 felt the system could be
helpful “to an extent” but cautioned that “if it was not able to pro-
vide clear reasoning during uncertainty it would be more damaging
than helpful.” P3, by contrast, expressed clear enthusiasm, noting
that the reassurance of knowing a system “can actively remind
me not to forget” an important item provided peace of mind. A
smaller number of participants raised more fundamental objections.
P9 stated plainly, “it makes me feel dumb. I just don’t like being
told what to do.” They also raised privacy concerns, describing the
prospect of sharing personal data with such a system as “inviting a
stranger into my life.” P6 similarly questioned the premise, saying
they would prefer to “enjoy doing my routine in peace” and chal-
lenging whether “this minute level of human cognitive load has
any purpose in being replaced by agents.”

5.2.5 Summary. The primary finding is that participants signif-
icantly preferred Inception’s exception-detection responses over
the baseline in forced-choice comparisons, with a large effect size
(𝑟 = −.86, 𝑝 = .039). This preference was specific to exception trials;
transfer trials showed no systematic difference between systems.
Likert ratings were directionally consistent with this pattern but
did not reach significance, likely due to limited power at 𝑁 = 12.
Both systemswere perceived as equally comprehensible and equally
adoptable.
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6 Discussion

The evaluation reveals that memory consolidation provides a cate-
gorical advantage for a specific class of assistance: tasks that require
inferring what should happen based on compiled routine knowl-
edge. We examine why this boundary emerges, what it implies for
system design, and what tensions the qualitative findings surface
around delivery tone, privacy, and trust.

6.1 Converging Evidence Across Evaluation

Methods

The automated ablation and user study reach the same conclu-
sion through independent methods: schema-level knowledge is
necessary for left-behind detection, and this architectural boundary
is perceptible to users, who significantly preferred Inception’s
exception-detection outputs and explicitly identified the capability
gap in open-ended responses. This convergence across an auto-
mated evaluation with statistical power (240 outputs) and a human
evaluation with ecological validity strengthens the claim that the
boundary is a property of the task structure, not an artifact of either
evaluation method.

6.2 When Does Consolidation Matter?

The evaluation results suggest a functional boundary: memory con-
solidation is most valuable when assistance requires inferring
what should happen. Absent-item detection is merely a recog-
nition task where the system needs only to notice that something
previously present is no longer there, which raw episodic traces
support. While left-behind detection is an inference task where the
system must reason that a currently visible item should be carried
away based on a compiled knowledge that exists only in the schema
layer. This distinction maps onto the cognitive science literature
on recognition versus recall [53, 58]: recognition can operate on
surface-level familiarity, while recall requires structured knowledge
that supports generative inference.

This boundary also explains why cross-context transfer does not
uniformly benefit from consolidation. Raw retrieval is sufficient
when the inference required is "this item was always present, so it
should be here too;" while only schema knowledge is able to reason
when the inference required is "this item should be taken with you
because your routine involves it at the next location."

6.3 The Tone Tension: Confidence Versus

Autonomy

An unexpected qualitative finding is that schema-driven confidence
creates a delivery tension. Participants who preferred the baseline
cited its more suggestive tone, even when acknowledging Incep-
tion’s greater accuracy. This parallels findings [1, 40, 42] where
participants valued proactive assistance that felt like a reminder
rather than a directive. The tension is inherent to schema-backed
systems: compiled routines enable more specific suggestions, but
that same specificity can feel obtrusive, especially when the system
intervenes proactively in personal routines.

This suggests a design implication for memory-augmented wear-
able systems: the certainty of the underlying knowledge represen-
tation should not directly determine the assertiveness of delivery. A

system that knows the user’s routine should still present its sugges-
tions with hedged language, offering the user the choice to accept
or override [33, 40, 55].

6.4 Privacy and the Always-On Trade-off

Several participants expressed discomfort with the premise of con-
tinuous observation with no regard to system performance. It re-
flects a broader concern in always-onwearable intelligence between
the richness of captured data and users’ sense of autonomy [4, 16].
Inception’s consolidation architecture offers a partial response:
because episodic traces are progressively compressed into semantic
and schematic summaries, the system does not need to retain raw
observations indefinitely. The compression transitions (E→S, S→K)
are privacy-preserving in principle, without preserving the percep-
tual details of individual moments. Participants’ feedback points
to a complementary design direction: surfacing the consolidation
hierarchy as a user-facing transparency mechanism, allowing users
to inspect, modify, or delete stored knowledge at each memory tier
[17, 56].

7 Limitations and Future Work

Our findings should be interpreted in light of several design choices.
The evaluation used recorded videos rather than live interaction, al-
lowing us to isolate output quality in a controlled setting; a natural
next step is to study how these results translate to in-situ assis-
tance during real routines. Deploying in situ would also require
replacing the ground-truth item presence used here with a real-time
perception pipeline.

Moreover, our scenario set focuses on a single kitchen morn-
ing routine with a small item vocabulary, which leaves open the
question of how the memory layers behave across more diverse
routines and environments.

Finally, the tone tension surfaced in the qualitative findings
points to a concrete design opportunity: future versions of Inception
could modulate delivery assertiveness based on schema confidence,
an extension that builds directly on the current architecture.

8 Conclusion

We presented Inception, a three-tier memory architecture for
always-on AI wearables that aligns agent memory organization
with the consolidation processes observed in human memory sys-
tems. By progressively compressing episodic observations into se-
mantic co-occurrence patterns and schematic routines, the architec-
ture supports two forms of proactive assistance: top-down excep-
tion detection and bottom-up cross-context transfer. Converging
evidence from an automated ablation study and a within-subjects
user study demonstrates that this alignment is most beneficial when
assistance requires inference over compiled routines rather than
recognition of familiar patterns. Qualitative findings further reveal
a tension between the contextual specificity and the delivery as-
sertiveness, suggesting tonemodulation as a potential consideration
for consolidation-based interactive memory systems.
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