
Rational Episodic Memory: When Should

Wearable AI Remember?

Joseph Letobar1

Department of Computer Science, University of Central Florida, Orlando, FL 32816,
USA

joseph.letobar@ucf.edu

Abstract. Wearable AI systems rely on long-term memory to support
retrieval, question answering, and contextual assistance. Yet an always-
on system must decide what to preserve before knowing which experi-
ences will later become relevant. We investigate two cognitively inspired
principles for question-agnostic memory admission under �xed storage
budgets. The �rst uses visible engagement as a rational-action-inspired
proxy for relevance to the wearer's goals. The second uses semantic
surprise from pretrained visual representations as evidence of eventful
change.
We evaluate these signals as write policies on long egocentric recordings,
measuring both whether future-question-relevant intervals are substan-
tially retained and how much of their duration is preserved. On eight long
recordings averaging 4.14 hours, both policies outperform uniform sam-
pling, while engagement achieves the strongest retention across all tested
budgets. A secondary analysis on shorter, more event-dense recordings
generally favors surprise, consistent with prediction-error-based accounts
of event segmentation. These results suggest that memory admission may
depend on the temporal structure of experience: surprise is e�ective for
detecting densely occurring event changes, whereas engagement is useful
for preserving relevant episodes over extended everyday activity.

Keywords: Wearable AI · Egocentric Vision · Episodic Memory · Human-
Centered AI

1 Introduction

Wearable AI systems promise persistent assistants capable of answering ques-
tions such as �Where did I leave my wallet?� or �When was the last time I took
my medication?� Realizing this vision requires an always-on system that con-
tinuously observes the user's daily life. However, storing every observation is
computationally impractical and quickly exceeds realistic memory budgets.

Humans face the same challenge. Although we receive a continuous stream of
rich sensory information, we do not encode every detail into episodic memory. We
rarely remember the color of every person's shoes or every crack in the sidewalk,
even though those sensory signals were available to us. Instead, episodic memory
is selective, preferentially encoding experiences that may be useful in the future.
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: Where did I leave my medicine? On the counter :

Fig. 1: A future user query requires localizing the relevant experience within a full day
of egocentric observations.

We draw inspiration from this selectivity to study an upstream question in
wearable AI memory: what should be written to memory in the �rst place? Prior
wearable and egocentric systems construct memory through continuous capture,
attention- or content-based selection, and subsequent compression or consoli-
dation [1, 24, 25, 42, 46, 47]. However, comparatively little work treats memory
admission by deciding which incoming experiences warrant long-term retention
before the system knows what the user will later ask.

Cognitive Science o�ers many explanations for why an experience may be
worth preserving. We draw on two well-established ideas that lend themselves
to computational implementation: evidence of sustained goal-directed behavior
and prediction error indicating eventful change.

Research on Theory of Mind and action understanding suggests that hu-
mans infer the goals of others by assuming that intelligent agents select actions
rationally to achieve those goals [12]. Observed behavior can therefore provide
evidence about what another person is trying to accomplish. An egocentric mem-
ory system similarly observes the wearer's behavior without direct access to their
internal goals. This motivates visible engagement as a proxy for goal relevance:
sustained interaction with an object, person, or environment suggests that the
ongoing experience may be relevant to what the wearer is trying to accomplish.

Predictive-processing theories propose that perception continually compares
incoming observations with expectations about what is likely to occur next [11],
while Event Segmentation Theory argues that continuous experience is divided
into discrete events when those expectations are violated [50]. This motivates our
second candidate signal: change in the current visual representation relative to
recent experience, used as a proxy for prediction-error-driven event boundaries.
Our measure approximates the e�ect described by Itti and Baldi [20] and sup-
ported empirically by Kumar et al. [22] through distance in a pretrained latent
space.
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Motivated by these perspectives, we examine visible engagement and surprise
as alternative signals for question-agnostic memory admission. On long record-
ings, engagement retains more future-question-relevant evidence than surprise or
uniform sampling, supporting the value of an agent-relative signal over extended
experience. In a secondary analysis of shorter, more event-dense recordings, sur-
prise instead performs best. These recordings contain more frequent discrete
actions and transitions, a setting in which prediction error may provide a par-
ticularly e�ective boundary signal, consistent with Event Segmentation Theory.
Together, these results suggest that engagement is well suited to preserving
sustained goal-relevant episodes, whereas surprise becomes more useful when
experience is densely structured around distinct events.

Applications in wearable AI extend beyond episodic memory formation to
decisions about when a wearable assistant should surface context or intervene
proactively. The same question-agnostic cues could also support long-duration
robots and egocentric dataset curation, with engagement emphasizing sustained
goal-directed behavior and surprise emphasizing event transitions.

2 Related Work

2.1 Egocentric Summarization and Memory

Retrospective Selection and Retrieval. Early egocentric summarization
methods select representative frames or segments from an already recorded video
using interaction, attention, coherence, diversity, or visual uniqueness [5, 26, 28,
33,47]. Query-focused methods instead retrieve portions of an existing recording
that match a supplied concept or question [34�37,42]. These approaches improve
summarization or retrieval after capture, but do not determine what should be
stored before the user's future information needs are known.

Other systems compress or organize complete experiences into latent states,
knowledge graphs, or user models [4, 41, 45]. Such representations can support
e�cient reasoning, but memory admission is typically learned indirectly from
downstream supervision or replaced by continual structuring of the observed
stream.

Online Memory Formation. Several systems make capture decisions as ex-
perience unfolds. StartleCam monitors skin conductivity and saves a bu�er of
recent images when it detects a startle response, while SenseCam captures im-
ages periodically and in response to changes detected by onboard light, motion,
temperature, and passive-infrared sensors [18,19]. Lin et al. classify the activity
or scene of each incoming segment and apply a context-speci�c model to de-
cide whether it should be retained in the summary, without �rst processing the
complete recording [27]. AMEGO more directly constructs an active memory
online by initiating object memories from hand-object interactions and identify-
ing activity-centric locations [13]. These systems establish precedents for causal
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selection, but their admission criteria rely on additional sensors, highlight ob-
jectives, or prede�ned interaction and object cues.

Related egocentric work studies wearer-centered signals without necessarily
applying them to memory admission. Su and Grauman infer engagement from
egomotion, while other approaches use gaze or social engagement as evidence
of wearer attention and subjective relevance [39,40,47]. These �ndings motivate
our examination of engagement as a possible memory-admission signal, alongside
surprise.

2.2 Memory in Embodied and Language Agents

Embodied-agent memory systems commonly store observations in semantic maps,
scene graphs, or timestamped databases for later retrieval and reasoning [2,
8, 14, 17]. Related work learns compressed latent memories through question-
answering supervision or controls consolidation using repetition, similarity, and
forgetting [4, 32].

Most closely related, Worth Remembering formulates admission as an ex-
plicit query-independent gating problem and stores episodes around moments of
Bayesian surprise computed from predictive visual representations [15]. Its re-
sults show that prediction error can outperform uniform and random storage for
robot question answering. We extend this framing by comparing surprise with
visible engagement for wearable memory admission.

Language-agent systems likewise manage memories through ranking, consol-
idation, and updating [7, 30, 31, 48, 52], often using downstream answer quality,
utility, novelty, or semantic surprise [38,49,51]. Unlike these approaches, we study
the upstream admission of raw egocentric observations before future queries are
known, comparing engagement and surprise as stream-computable signals for
question-agnostic memory admission.

3 Method

We evaluate two signals for determining which observations from a continuous
egocentric video stream should be retained before future queries are known.
First, a supervised engagement estimator predicts whether the wearer is be-
haviorally engaged with the current activity, providing a proxy for sustained
goal relevance. Second, an unsupervised semantic-surprise measure estimates
how strongly the current visual representation departs from recent experience,
providing a signal of eventful change. Neither signal requires a persistent user
model or identity-speci�c calibration at inference, though personalization is a
possible extension discussed in Section 5. We evaluate these signals indepen-
dently as question-agnostic memory write policies under �xed storage budgets.
The following sections describe their computation in detail.
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3.1 Engagement

De�nition and Model. We treat engagement as a supervised temporal classi-
�cation problem: given an egocentric video window, predict whether it belongs
to an annotated engagement episode, following the formulation of Su and Grau-
man [39]. Whereas their method proposes variable-length engagement intervals,
we use �xed-length sliding windows to produce continuous estimates suitable for
memory admission, where exact temporal boundaries are less important than
retaining the relevant episode and limited surrounding context.

We represent each window using frozen V-JEPA 2 embeddings [3]. Because
V-JEPA 2 is pretrained to predict masked spatiotemporal representations, its
embeddings capture motion, semantic continuity, and scene structure useful for
engagement recognition. These embeddings are provided to a Random Forest
classi�er trained on binary engagement labels using 64-frame windows with a
stride of 32 frames.

The classi�er contains 200 trees and uses random seed 0. At inference, it
outputs the probability that each window belongs to an engagement episode.
Predictions from overlapping windows are aggregated to produce a continuous
engagement signal over time. The primary evaluation uses this Random Forest
head. The e�ects of the frozen representation and classi�er choice are examined
in the ablation study in Section 4.2.

Annotations. We annotated a subset of the Wearable AI benchmark [23, 44],
which contains short egocentric videos spanning activities such as shopping,
sightseeing, cooking, home improvement, exercise, and tourism. Our subset con-
tains 40 videos totaling 7.05 hours, divided into 31 training videos and 9 held-out
videos. All windows from a video remain within the same partition to prevent
leakage.

Videos were selected to include both routine periods, such as walking or
commuting, and sustained goal-directed activities, such as cooking or cleaning.
Engagement intervals were annotated using the operational de�nition of Su and
Grauman [39]: the wearer is engaged when they purposefully gather information
about an object, scene, or ongoing task. Examples include inspecting products,
reading signs, manipulating objects, or examining an unfamiliar environment.
For activities not explicitly represented in the original dataset, we applied the
same de�nition to the broader context. For example, an extended LEGO as-
sembly sequence was treated as one continuous engagement episode because the
wearer remained focused on locating pieces and constructing the model.

Engagement is inherently subjective, particularly at episode boundaries. Su
and Grauman reported substantially higher agreement on whether engagement
occurred (F1 = 0.914) than on its exact temporal boundaries (frame-level F1
= 0.818; interval-boundary F1 = 0.837) [39]. Although we did not conduct a
multi-annotator consistency study, our objective is similarly to identify mean-
ingful engagement episodes rather than recover frame-exact onset and o�set
times. Small boundary di�erences are therefore unlikely to materially a�ect the
intended memory-write decision.
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3.2 Surprise

Surprise is an unsupervised temporal novelty signal computed from the same
V-JEPA 2 embeddings used for engagement estimation.

Let zt ∈ Rd denote the pooled V-JEPA 2 embedding for a 64-frame window.
Consecutive windows use a stride of 32 frames and therefore overlap by half their
duration.

We de�ne latent surprise as the standardized change between consecutive
embeddings:

Rt =
1

2d

d∑
i=1

(
zt,i − zt−1,i

max(σi, ϵ)

)2

,

where σi is estimated from a development set and ϵ > 0 prevents division by
zero. This is a dimension-normalized half squared Mahalanobis distance under
a shared diagonal covariance model. We use it as a Bayesian-surprise-inspired
proxy for latent visual change, rather than an exact Bayesian surprise measure.

We map Rt to [0, 1] using �xed calibration values estimated on development
data disjoint from the evaluation set:

S̃t = clip

(
Rt − rmin

rmax − rmin
, 0, 1

)
,

where rmin = 0.01 and rmax = 0.25. Finally, we apply causal exponential
smoothing:

St = 0.25S̃t + 0.75St−1, S1 = S̃1.

The resulting St ∈ [0, 1] is held constant until the next 32-frame window is
available.

4 Experiments

We evaluate engagement and surprise as question-agnostic memory-admission
signals on 16 Ego4D [16] recordings totaling 42.71 hours. The evaluation includes
a long-recording regime and an analysis of shorter recordings. We compare both
signals with uniform sampling under matched storage budgets. We additionally
report ablations of the engagement estimator's representation and classi�er head.

4.1 Memory Write Policy Evaluation

Setup. The main evaluation contains eight shorter recordings averaging 1.20
hours and eight long recordings averaging 4.14 hours. Because our central re-
search question concerns selective memory over extended experience, the long-
recording subset serves as the primary evaluation regime, while the shorter
recordings provide a secondary comparison across temporal scales.
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Although the subsets are de�ned by duration, they also di�er qualitatively in
their within-recording activity composition. The shorter recordings are generally
event-dense: most footage is devoted to one sustained activity or a closely related
sequence, with relatively frequent subactions or transitions within that activity,
such as baking, carpentry, gardening, cleaning, or exercise. The longer record-
ings are more activity-heterogeneous, spanning multiple activities and transitions
across broader portions of everyday experience, including walking, conversation,
sightseeing, restaurants, phone use, transportation, household tasks, and social
interaction. We use these terms descriptively rather than treating activity com-
position as an independently controlled factor. We therefore report the subsets
separately, while treating the long recordings as the setting most directly aligned
with long-horizon memory.

Short

Long

Fig. 2: Qualitative comparison across temporal regimes. Top: A shorter,
event-dense recording centered on one sustained activity. Bottom: A longer, activity-
heterogeneous recording spanning multiple activities and transitions. These examples
illustrate the descriptive distinction between the subsets.

To evaluate whether a write policy retains useful information under a lim-
ited storage budget, we use the temporal intervals from Ego4D Natural Lan-
guage Queries (NLQ) as targets. NLQ pairs natural-language questions about
past egocentric experience with the target evidence intervals needed to answer
them [16]. Retaining these intervals therefore provides a proxy for whether the
memory contains information that could support plausible future queries while
discarding portions of the stream less relevant to those information needs.

Of the 16 selected recordings, 10 contain o�cial NLQ intervals, but only
two of the eight long recordings do. For the remaining six long recordings, we
construct 149 narration-derived question�interval pairs following the same for-
mat. We select question-worthy narrated events distributed throughout each
recording, convert them into natural-language questions, and assign the target
evidence intervals needed to answer them. Selection is performed without access
to engagement or surprise scores, and results using o�cial and researcher-created
intervals are reported separately.
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The engagement and surprise signals are computed incrementally as tem-
poral windows become available, without access to future queries or evaluation
annotations. To compare the signals under precisely matched storage budgets,
we use an o�ine top-K protocol: after scoring a complete recording, we retain
exactly the number of windows permitted by each budget. This controlled pro-
tocol isolates the experimental question of how well each signal ranks potentially
useful observations from deployment-speci�c choices such as threshold calibra-
tion, quota accounting, and boundary handling. Uniform sampling is given the
same window count; translating these scores into a causal streaming controller
is a complementary systems step left to future work.

Results. For each matched storage budget, Table 1 reports Hit@50, which
counts a target evidence interval as retained only when at least half of its du-
ration is preserved, and annotated-time recall, which measures the fraction of
total target evidence duration retained. These metrics capture both the number
of substantially preserved intervals and the temporal extent of relevant evidence
maintained in memory.

Table 1: Memory retention across temporal regimes.* The long subset contains
8 recordings averaging 4.14 hours with 215 target evidence intervals; the short subset
contains 8 recordings averaging 1.20 hours with 292 target evidence intervals. Entries
report Hit@50 / annotated-time recall, in percentages.

Long recordings Short recordings
Budget Engagement Surprise Uniform Engagement Surprise Uniform

30% 42.3 / 44.6 33.0 / 41.5 26.4 / 29.7 15.8 / 15.2 28.8 / 31.6 22.1 / 30.1
25% 33.5 / 38.1 28.8 / 35.9 22.4 / 25.2 12.0 / 13.0 24.0 / 27.8 17.6 / 25.0
20% 30.7 / 32.6 20.5 / 29.6 18.6 / 20.2 7.9 / 8.8 17.5 / 23.3 14.5 / 19.9
15% 25.6 / 27.5 13.5 / 21.5 13.0 / 15.0 7.2 / 7.2 11.0 / 15.9 10.9 / 15.0
10% 16.7 / 18.1 9.3 / 14.0 9.0 / 10.0 3.8 / 5.2 6.2 / 10.9 7.3 / 10.0
5% 10.7 / 11.1 4.2 / 7.3 4.2 / 4.8 2.7 / 3.2 2.4 / 5.4 3.5 / 4.9

* Annotation-source sensitivity is evaluated within the long-recording subset (2 record-
ings with o�cial NLQ intervals, 6 with researcher-created intervals). Engagement out-
performs Surprise on Hit@50 at all six budgets for both sources: the Engagement�
Surprise gap is +5.8�+11.5 percentage points for recordings with researcher-created
intervals and +10.6�+25.8 points for recordings with o�cial intervals. The ordering of
this gap across budgets correlates only moderately between the two sources (ρ = 0.580,
mean absolute discrepancy 9.54 percentage points), so the size of the advantage should
not be treated as stable, even though its direction is consistent. Annotated-time recall
agrees at four of the six budgets; the researcher-created intervals weakly favor Surprise
at the 25% and 30% budgets, by 0.5�0.9 percentage points, which, given the o�cial
comparison covers only two recordings, more plausibly re�ects video-level variance than
a systematic annotation-source e�ect.

The two temporal regimes produce a reversal in relative performance. On
long recordings, engagement achieves the highest Hit@50 and annotated-time
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recall at every tested budget, with the largest gains appearing at tighter storage
constraints. On shorter, event-dense recordings, surprise performs best across
most budgets, while uniform sampling remains competitive only at the lowest
budgets. These results indicate that the relative e�ectiveness of the two signals
may depend on the temporal structure of the evaluated recording.

20 10 0 10 20
Engagement - Surprise gap (percentage points)

5%
10%
15%
20%
25%
30%

5%
10%
15%
20%
25%
30%

Bu
dg

et

Hit@50

20 10 0 10 20
Engagement - Surprise gap (percentage points)

Annotated-time recall

Uncertainty in signal preference
Ego4D long Ego4D short

Fig. 3: Uncertainty in signal preference. Points show the mean paired
Engagement�Surprise gap in percentage points; whiskers show 95% con�dence inter-
vals. Positive values favor Engagement.

Figure 3 shows that the Engagement-minus-Surprise di�erences are direction-
ally consistent with the pattern observed in Table 1. The long-recording subset
generally favors Engagement, whereas the short-recording subset generally fa-
vors Surprise. However, the intervals are wide and several cross zero, re�ecting
video-level variation and the limited sample size. Importantly, we do not inter-
pret recording duration itself as the explanatory variable; the long/short split
is instead a coarse descriptive contrast that often coincides with di�erences in
temporal activity density.

4.2 Engagement Ablations

Engagement Representation Ablation. We additionally compared V-JEPA 2
embeddings with VideoMAE [43] and with a motion-based engagement represen-
tation following Su and Grauman [39]. Dense Farnebäck optical �ow is computed
between successive frames using OpenCV [6,10], temporally smoothed, and sum-
marized with a hierarchical spatiotemporal pyramid that pools horizontal and
vertical motion statistics across temporal segments and spatial cells. All three
representations use the same engagement annotations and the same 31-video
training / 9-video held-out split. Table 2 summarizes the comparison.

On this held-out split, V-JEPA 2 achieved the highest F1, recall, and ROC
AUC, while optical �ow achieved the highest precision and speci�city; Video-
MAE was lower across the reported metrics. Because these representations were
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Table 2: Engagement representation ablation. Results report the best evaluated
window-size/stride con�gurations for optical �ow (128/64) and V-JEPA 2 (64/32),
while VideoMAE uses its standard 16-frame con�guration (16/4), all on the 31-video
training / 9-video held-out split.

Representation Win./Stride F1 Prec. Recall Spec. AUC

Optical Flow 128/64 0.861 0.891 0.833 0.851 0.908
VideoMAE 16/4 0.740 0.762 0.719 0.671 0.807
V-JEPA 2 64/32 0.883 0.863 0.904 0.788 0.931

evaluated only as engagement estimators and not in the downstream memory-
retention task, we treat this as an implementation ablation rather than a general
claim about representation quality.

Engagement Classi�er Ablation. To examine the e�ect of the classi�er head
independently of the frozen representation, we trained a linear probe, a small
multilayer perceptron (MLP), and the Random Forest on the same cached V-
JEPA 2 embeddings, annotations, and 31/9 video split. As shown in Table 3, the
Random Forest achieved the strongest held-out accuracy, F1, recall, and ROC
AUC, and is therefore used for the primary memory-retention evaluation.

Table 3: Engagement classi�er ablation. Results use frozen V-JEPA 2 embeddings
with a 64-frame window and 32-frame stride on the 31-video training / 9-video held-out
split.

Classi�er Acc. F1 Prec. Recall AUC

Linear probe 0.817 0.835 0.902 0.778 0.913
MLP 0.806 0.825 0.891 0.767 0.915
Random Forest 0.857 0.883 0.863 0.904 0.931

5 Discussion

5.1 Interpretation

The observed reversal across temporal regimes is broadly consistent with the
intended roles of the two signals. Engagement asks whether the wearer appears
to be acting purposefully in pursuit of an ongoing goal. This signal is most
informative in long, activity-heterogeneous recordings that contain a mixture of
routine periods and distinct activities, such as walking, driving, eating, working,
and interacting with other people. In this setting, engagement can distinguish
relatively sparse periods of sustained goal-directed behavior from the broader
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background of everyday experience, which may explain its stronger performance
on the long recordings.

The shorter recordings are qualitatively event-dense. They are more often or-
ganized around a single sustained activity, such as cooking, cleaning, gardening,
or exercise, with relatively little inactive or unrelated footage. We hypothesize
that the engagement signal becomes saturated in this setting: when the wearer
appears engaged throughout most of the recording, engagement provides little
discrimination about which moments should receive a limited memory budget.

Figure 4 shows the distribution of predicted engagement across the original
recordings. The short recordings have higher mean predicted engagement than
the long recordings, consistent with the possibility that engagement is more
saturated in the short subset. This �gure is descriptive and does not establish a
recording-level correlation or causal relationship between engagement saturation
and memory discrimination.

Predicted Engagement across the original recordings
Each point is one recording; boxes show IQR, vertical lines show medians, and x marks show means.

0.50 0.55 0.60 0.65 0.70 0.75

Long videos (n=8)

Short videos (n=8)

Per-video mean predicted Engagement

x = group mean

Fig. 4: Predicted engagement across the original recordings. Each point is one
recording; boxes show the interquartile range, vertical lines show medians, and crosses
show group means.

Long, task-saturated case. In attempt to separate recording duration from activ-
ity structure, we additionally analyze a 5.2 hour welding recording dominated by
one sustained, highly engaged task. Because this recording di�ers qualitatively
from the activity-heterogeneous long recordings, it is excluded from the primary
aggregate and treated as a separate case study. Representative frames from this
case study are shown in Figure 5.

As shown in Table 4, the welding case produces a budget-dependent re-
sult. Surprise achieves substantially higher Hit@50 at moderate and high storage
budgets, despite the recording being long, while engagement becomes stronger
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Fig. 5: Qualitative samples from the long, task-saturated welding record-
ing. Although the recording spans several hours, the wearer remains engaged in a
single sustained activity. Engagement is therefore broadly elevated, while surprise pro-
vides greater discrimination among changes in tools, materials, viewpoints, and welding
subactions.

Table 4: Memory retention on a long, task-saturated welding recording. The
video is dominated by one sustained activity. Entries are percentages.

Hit@50 Annotated-time recall
Budget Engagement Surprise Engagement Surprise

30% 26.3 61.4 42.1 52.2
25% 24.6 42.1 41.5 40.8
20% 17.5 29.8 34.8 30.1
15% 15.8 19.3 29.4 22.2
10% 14.0 3.5 22.8 10.8
5% 7.0 1.8 10.6 0.3

under the tightest budgets and preserves more annotated duration at most op-
erating points. This provides evidence against duration alone explaining the
di�erence between the two main subsets. Instead, the temporal structure of the
recording appears important: when one sustained task causes engagement to re-
main broadly elevated, surprise can provide greater discrimination by identifying
changes within that activity. As a single-video case study, however, this result
should be interpreted as supporting evidence rather than a general conclusion.

5.2 Limitations

This work is an early exploration conducted on a limited number of recordings
and does not yet evaluate complete day-long wearable deployments. The current
evaluation also uses the known recording duration to determine the number of re-
tained windows at each percentage budget and does not evaluate a causal online
quota controller or an end-to-end question-answering system. The study also de-
pends on researcher-created target intervals. Engagement intervals were labeled
by a single annotator using the operational de�nition of Su and Grauman [39].

For selected Ego4D recordings without o�cial NLQ intervals, we additionally
constructed narration-derived question�interval pairs representing information
that a wearer might reasonably ask about later. These intervals were selected
without access to engagement or surprise scores.
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Both the learned engagement model and the retention evaluation may there-
fore re�ect subjective annotation decisions. We compare against uniform sam-
pling only; existing memory-selection methods are not evaluated, limiting direct
comparison with prior selection strategies. We did not explicitly evaluate cross-
user generalization, so user-independent performance remains an open question.

The proposed explanation for the di�erence between short and long record-
ings also remains preliminary. We hypothesize that engagement becomes satu-
rated in shorter, event-dense recordings, while surprise bene�ts from their denser
sequence of event transitions. Because duration and activity composition vary
together in the present evaluation, we cannot truly isolate which factor causes
the observed reversal.

5.3 Future Work

Future work should expand the evaluation scale, improve annotation reliability,
and better separate recording duration from activity composition.

Towards Deployment. A natural next step is to evaluate a deployment-
oriented system in which engagement and surprise scores are converted into
memory writes using causal thresholding, quota management, or bu�ering as
the stream arrives. Such a system could be evaluated end-to-end on a larger
standardized video question-answering benchmark, using downstream answer
quality rather than retrospective interval retention as the primary metric. Be-
cause question answering is a common evaluation task for memory systems, this
would also enable more direct comparisons with existing memory-admission and
selection methods. Question-answer annotations are more widely available than
the �ne-grained evidence intervals used here, potentially expanding the evalu-
ation set, but this would require an additional retrieval-and-answering pipeline
beyond the scope of this preliminary study.

The behavior of engagement and surprise motivates further study of fusion
strategies. Although we explored simple combinations, the results were not suf-
�ciently consistent to support a fusion claim in this work. Future systems could
therefore investigate whether using both signals as complementary evidence im-
proves memory admission across di�erent temporal structures.

Beyond Visual Memory. While this work estimates engagement primarily
from visual behavior, future systems could fuse visual cues with gaze, inertial,
physiological, and other wearable measurements to improve engagement esti-
mation. Wearable-memory and egocentric systems have already explored phys-
iological cues and gaze for identifying memorable experiences and visual at-
tention [18, 47], while platforms such as Project Aria demonstrate the broader
multimodal sensing stack available for egocentric research [9]. Recent work has
demonstrated user-generalizable surface electromyography for wearable human�
computer interaction [21], as demonstrated by Meta's Ray-Ban Display glasses,
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which pair egocentric cameras with a wrist-worn EMG interface [29]. Such sig-
nals could provide additional evidence of manipulation intent, similar in spirit
to AMEGO, which builds an online memory around hand�object interactions
using visual cues alone [13].

Towards User Models. While this work approximates surprise from local fea-
ture dynamics, future systems could model it relative to a persistent personalized
user model encoding recurring environments, objects, routines, and individuals.
Recent work has begun constructing persistent egocentric user models [45], while
Gorlo et al. identify habituation as an important direction for avoiding repeated
surprise responses to familiar observations [15]. Combining these ideas could sup-
port more human-like memory formation, where novel observations are initially
salient but gradually become unsurprising as the internal model adapts.

6 Conclusion

We present preliminary evidence that visible engagement and surprise can sup-
port question-agnostic memory admission under �xed storage budgets. Their
relative e�ectiveness varies with temporal structure: engagement performs best
on long, activity-heterogeneous recordings, whereas surprise performs better on
shorter, event-dense recordings. These results do not establish a universal write
policy, but suggest that cognitively motivated signals can provide useful alterna-
tives relative to a uniform-sampling baseline while motivating larger online and
downstream evaluations.
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