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Personal Al assistants are moving beyond isolated interactions toward continuous, context-aware assistance grounded in a
user’s experience. Providing such assistance requires episodic memory that can recall past events, interpret everyday activities,
and support long-horizon reasoning. Egocentric video offers a natural record of these experiences, but meaningful actions
are sparse within highly redundant footage, and the volume of visual input grows with recording duration. Processing raw
video therefore incurs substantial computational and memory costs, may exceed model context limits, and dilutes salient
evidence with irrelevant content. The central challenge is to transform continuous egocentric video into a compact episodic
representation that preserves essential context while removing redundancy. This paper presents GOHi, a goal-oriented
framework that transforms continuous egocentric video into a compact, temporally coherent sequence of keyframes. The
central insight is that the steps required to achieve a user’s goal provide natural semantic and temporal structure for identifying
salient moments. A pretrained vision—language encoder aligns video frames with natural-language descriptions of these
steps to identify goal-relevant visual evidence. The resulting similarity scores serve as emissions in an HMM, and Viterbi
decoding with order-aware transition constraints selects a step-aligned keyframe sequence that preserves the temporal
progression of the activity. The proposed method retains only 1.72% of the input frames while achieving a Step F1 score of
85.63%. On the question-answer benchmark, the highlights reduce input frames by 31.9% and total token usage by 24.3%, with
a A =0.167 decrease in answer quality. These results demonstrate the effectiveness of goal-oriented highlight extraction as a
compact episodic memory representation for contextual Al, supporting long-horizon reasoning for agentic Al under limited
computational and contextual budgets.
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Step: Get Cucumber

Uniform Frames:
N=19 (1fps),
N=570 (raw)

Highlight Frames:
N=2

Compression Rate: 0.35%

Fig. 1. Comparison of uniform frame sampling and goal-oriented highlight selection. In this example, the proposed method
retains two frames that capture the goal-relevant events from a 570-frame input sequence, yielding a retention rate of 0.35%,
whereas uniform sampling preserves many redundant observations.
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1 INTRODUCTION

Wearable Al assistants can augment human capabilities by acting as an external memory and providing context-
aware guidance grounded in daily life [2, 5, 79, 90], with applications ranging from everyday task completion
to support for people experiencing memory loss. First-person video captured by wearable cameras offers a
natural source of context for such assistance by preserving visual evidence of what the user has seen and done
during everyday activities [4, 17, 51, 61, 79]. However, raw egocentric recordings are continuous and uncurated,
with meaningful actions sparsely distributed amid static scenes, transitional footage, repeated observations, and
incidental interactions [13]. As recording duration increases, the volume of visual data grows while relevant
evidence remains sparsely distributed [39]. This mismatch between accumulating video and the limited computa-
tional and context budgets of downstream models makes footage difficult to use directly as a long-term memory
representation: redundant frames increase storage and inference costs, consume model context, and obscure
the evidence needed for retrieval and reasoning. Constructing episodic memory therefore requires a compact
representation that preserves essential semantic and temporal evidence while discarding irrelevant content.

Representative keyframes and highlight sequences offer a practical means of constructing such a compact
representation. Conventional video summarization methods optimize visual interestingness, representativeness,
diversity, or coverage [11, 25, 26]. These criteria, however, do not establish whether a selected moment is
semantically important to the user’s activity. Object-centric and action-centric approaches incorporate higher-
level semantic cues [34, 53], but identifying salient entities or individual actions does not necessarily capture
how those events contribute to a broader activity. Query-focused summarization and moment retrieval condition
frame or segment selection on user-supplied text [35, 50, 64], but query formulation does not explicitly represent
the ordered sequence of actions through which the overall experience unfolds.

Many everyday activities naturally exhibit goal-directed and hierarchical structure: a broader objective is
accomplished through an ordered sequence of steps and lower-level actions [67]. This structure provides the
semantic and temporal context needed to determine which observations should be retained. In activities such as
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preparing a meal, commuting to work, or locating an object, an observation is important not simply because it is
visually distinctive, but because it provides evidence of progress toward the intended outcome. For contextual Al,
recognizing what occurred is therefore insufficient without also capturing why each action matters to the intended
goal and how the activity progresses over time [42, 53]. Ordered goal steps provide a natural abstraction for
selecting and organizing this evidence. For example, a small set of frames showing, e.g., cutting vegetables, heating
a pan, and frying the ingredients may preserve the essential progression of meal preparation. As illustrated in
Figure 1, two goal-relevant frames capture the essential events in a 570-frame video, whereas uniform sampling
retains several redundant observations.

Accordingly, we propose GOHi, a goal-oriented framework that transforms continuous egocentric video into a
compact, temporally coherent sequence of representative keyframes. Rather than treating the user’s goal as a
single retrieval query, the framework represents it as an ordered sequence of steps and organizes the retained
visual evidence around its progression. This formulation distinguishes goal-relevant evidence from incidental
and redundant content while representing an extended activity through a small set of semantically meaningful
observations. The framework consists of two stages. First, an open-vocabulary vision-language encoder computes
semantic compatibility between individual video frames and natural-language descriptions of the goal steps,
identifying candidate keyframes for each step. Second, a global temporal optimization module formulates frame-
step alignment as a hidden Markov model and applies Viterbi decoding to select the highest-scoring keyframe
sequence. Order-aware transition constraints require the selected frames to follow the order of the goal steps,
thereby resolving locally plausible but globally inconsistent matches. Together, semantic matching and structured
temporal decoding produce a compact highlight sequence that preserves both goal-relevant visual evidence and
the temporal progression of the activity.

The evaluation is conducted on 708 videos from the Ego4D Goal-Step benchmark, spanning 302.1 hours. For a
comprehensive assessment, grounding accuracy is reported across the range of compression rates obtained by
sweeping the candidate-retention percentile P € {2, 4, 6,8, 10, 15}%, yielding realized compression rates of 0.87%-
2.22%. The proposed framework supports two modes: Intention-Primed Alignment combines visual evidence
with coarse Gaussian prior guidance, whereas Visual Self-Alignment derives the alignment from visual-semantic
evidence. At (P=8%), Intention-Primed Alignment retains only 1.72% of the original video, corresponding to a
58 reduction in frames, while achieving 85.63% Step F1 and 62.36% Frame Precision. The evaluation further
includes ablation studies of key components, comparisons with state-of-the-art methods, and an analysis of
runtime and GPU efficiency. Downstream evaluation on MultiHop-EgoQA question-answer benchmark using
ChatGPT-5.5 further shows that the extracted highlights reduce frames input by 31.9% and total token usage
by 24.3%, with only a A = 0.167 decrease in answer quality on a five-point scale. Together, these results show
that goal-oriented highlights remove substantial visual redundancy while preserving the evidence needed for
downstream contextual reasoning. Accordingly, this work presents a goal-oriented framework that transforms
continuous egocentric video into a compact, temporally coherent sequence of representative keyframes. The
main contributions are summarized as follows:

o A formulation of goal-oriented highlight extraction for constructing compact episodic memory from
long-form egocentric video.

o A training-free framework that combines goal-step-guided semantic frame selection using a vision-language
encoder with HMM-based global temporal optimization via Viterbi decoding.

o A comprehensive evaluation on 708 videos across six candidate-retention levels shows that the method can
retain only 1.72% of the original frames while achieving an 85.63% Step F1 score.

e Downstream question-answering evaluation demonstrates that the extracted highlights reduce visual input
and token usage while maintaining comparable answer quality.
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2 RELATED WORK
2.1 Egocentric Video Understanding and Contextual Al

Egocentric video provides a dominant source for everyday human activity, supporting applications in augmented
reality, assistive computing, health monitoring, and robot learning. Unlike third-person video, it captures activity
from the camera wearer’s perspective and preserve contextual cues such as object affordances, hand-object inter-
actions, environmental and spatial layout, and the temporal progression of daily tasks. Early datasets, including
UT Egocentric [34], ADL [53], GTEA [20], and first-person social-interaction datasets [19], established founda-
tional tasks in activity recognition, object discovery, and social behavior understanding. However, their limited
duration, environmental diversity, and procedural complexity constrained the study of long-horizon activity.
Subsequent benchmarks expanded both the scale and scope of egocentric understanding. EPIC-KITCHENS [10]
advanced fine-grained modeling of procedural actions in cooking; EgoHands [3] and MECCANO [57] emphasized
hand-object interactions; and Assembly101 [63] supported multi-view understanding of procedural activities.
Large-scale datasets such as Ego4D [22] and Ego-Ex04D [23] further broadened the field toward long-horizon ac-
tivity understanding, episodic memory, and cross-view reasoning. EgoLife [79] introduced week-long, multimodal
recordings with long-context question-answering tasks designed around everyday assistance.

Recent benchmarks examine long-video understanding and memory-dependent embodied reasoning [45, 46,
74, 78]. In parallel, contextual Al systems construct persistent memory from extended egocentric observations to
support recall, planning, and personalized assistance. Embodied VideoAgent [17] builds dynamic scene memory
from egocentric video and embodied sensors. Other systems increasingly combine large multimodal models
with retrieval-augmented generation (RAG) to support clip-level understanding, long-horizon evidence retrieval,
and question answering [36, 59, 79]. These systems retrieve clips, scenes, or structured memory records for
downstream queries but do not explicitly use the structure of achieving a goal step by step to guide both evidence
selection and temporal organization. Consequently, relevant moments may be retrieved without capturing an
activity’s stepwise progression. Goal-oriented highlight extraction addresses this complementary objective with
ordered goal steps to select explicit frames and organize them into a compact, temporally coherent visual memory.

2.2 Semantic Video Summarization: From Visual Features to Visual Language Models

Video summarization condenses long-form video into compact representations that preserve important content
while reducing redundancy. Early methods formulated summarization as unsupervised subset selection, using
low-level cues such as color, motion, and edge statistics to identify salient frames or segments [25, 32, 34, 54, 69].
These approaches optimized relevance, representativeness, and diversity, often through submodular objectives
that balanced coverage and redundancy [26]. However, visual saliency may not reflect semantic importance,
particularly for meaningful but visually subtle or static activities. Subsequent work learned frame importance
directly from data. Recurrent models, including LSTMs, captured temporal dependencies and structural consistency
between source videos and their summaries [44, 86], while attention-based architectures enabled more flexible
temporal modeling [16]. Despite these advances, importance remained largely inferred from visual patterns
rather than explicitly grounded in the semantic content of the video. A complementary line of work used
human responses to estimate importance. In sports and online video, frequently replayed segments, peaks in
time-aligned live-chat activity, and concentrations of viewer comments have been used to identify moments
that attract collective attention [28, 31, 68, 80]. Individual-level behavioral and physiological signals, including
gaze [77], facial expression, head motion, and EEG [52], have similarly served as proxies for perceived relevance.
However, acquiring these signals requires additional sensing and reliable continuous measurement, limiting their
practicality for long-term video summarization.

Large-scale vision-language encoders have brought explicit semantic grounding to video summarization [41,
55, 58, 66, 81, 87]. Models such as CLIP [56], ALIGN [30], and SigLIP [71, 84] jointly embed visual content and
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language, enabling open-vocabulary frame-text matching for video-text retrieval [18, 43, 73] and language-based
temporal localization [21, 29]. Query-focused video summarization conditions frame selection on user-specified
text, beginning with egocentric video [64, 65] and extending to attention-based models [76], language-guided
summarization [50], and query-conditioned moment and highlight detection [35]. Interactive methods further
model user intent as an adjustable distribution over query concepts [75]. However, most approaches treat
summarization as retrieval or ranking, using a single query to identify individually relevant moments. This
formulation is insufficient for extended goal-directed activities, where summary quality depends not only on
whether each moment is relevant, but also on how selected events relate and progress over time. The problem is
particularly pronounced in egocentric video, where repeated actions and visually similar scenes can produce
many locally relevant but procedurally distinct moments. Representing intention as an ordered sequence of
goal-steps provides this missing task structure, guiding both the selection and temporal organization of evidence
into a coherent procedural summary.

2.3 Weakly Supervised Temporal Alignment with Structured Decoding

Representing user intention as an ordered sequence of goal steps makes highlight extraction closely related to
aligning those steps with temporally ordered visual evidence. Sequence alignment is a classical problem, with
foundational formulations including dynamic time warping [62] and connectionist temporal classification [24].
In video understanding, this primitive underlies weakly supervised action alignment, where an ordered transcript
of actions is given but frame-level boundaries are not: HMM-based methods align frames to transcript states
via Viterbi decoding [33], later combined with neural classifiers trained through the alignment [60] and with
differentiable alignment objectives [7, 38]. A parallel line applies these ideas to instructional video, where the
transcript consists of natural-language step descriptions [15, 27, 40, 48, 89], most recently without training
via large multimodal models [82]. Notably, Drop-DTW [14] extends monotone alignment with an explicit skip
mechanism, accommodating real executions in which some steps are absent or interrupted. These studies establish
ordered temporal alignment as a mechanism for locating actions or procedural steps in video. This work applies
the same general paradigm to a different objective: training-free, intention-conditioned compression of egocentric
video. Similarities from a pretrained vision-language encoder define the frame-step emission scores, while Viterbi
decoding determines which frames are retained. Rather than returning frame labels or temporal boundaries as
the final output, the decoded alignment directly constructs a compact highlight set containing temporally ordered
evidence for the user’s goal.

3 SYSTEM DESIGN

This work introduces an intention-driven framework that distills raw footage into a concise, narrative-preserving
highlight sequence, providing a high-level representation of long, unstructured egocentric video. In contrast to
methods based on low-level saliency or isolated object retrieval, the proposed approach grounds frame selection
in the user’s goal-steps, ensuring that the resulting summary reflects the underlying intent of the activity rather
than incidental visual cues. Within this pipeline, the input video is represented as an ordered sequence of frames
V = {v1,0s...,0n}; Because ordered goal steps encode the stepwise procedure for completing a task, user
intention is represented as an ordered sequence of textual steps, denoted as T = {t1, ts, .. ., fa}. The objective is
to select a small subset of frames that provides essential visual evidence that reassembles each of these steps
while promoting consistency with their temporal progression.

Figure 2 presents the overall architecture of the pipeline. First, cross-modal embedding maps sampled video
frames and ordered textual goal steps into a shared representation space for direct frame-step comparison
(Section 3.1). Second, semantic matching and filtering computes frame-step similarities and retains strongly
aligned frames as candidates (Section 3.2). Finally, temporal alignment and decoding combines semantic
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Fig. 2. System overview of the proposed goal-oriented highlight extraction framework. Long egocentric video frames and
user’s textual goal-steps are embedded into a shared semantic space using SigLIP 2. Frames with high semantic alignment to
each step form a candidate keyframe set. An order-aware Viterbi decoder then encourages consistency between frame order
and step order, producing a compact, temporally coherent highlight sequence.

similarity with mode-specific temporal guidance and order-aware transitions to assign candidate frames to the
ordered steps (Section 3.3). Global sequence optimization helps resolve locally ambiguous and repeated actions,
producing a temporally coherent highlight sequence.

3.1

Given sampled video frames and textual goal steps, this stage maps both modalities into a shared representation
space. The resulting embeddings enable semantic frame—step matching and provide the inputs to candidate
selection. To bridge the semantic gap between low-level visual signals and high-level user steps, this work employs
SigLIP 2, a state-of-the-art multilingual vision-language encoder [71]. Unlike earlier models such as CLIP [56],
which rely on a softmax-based contrastive objective, SigLIP 2 adopts a sigmoid loss that treats image—text
matching as a collection of independent binary classification problems [84]. This design supports scalable training
and stronger semantic alignment, which is particularly important for resolving fine-grained distinctions in
everyday activities (e.g., distinguishing “washing celery” from “holding celery”). Beyond global image—text
alignment, SigLIP 2 adopts a unified training recipe that yields both global and dense spatial representations.
This pipeline uses the S0400M (NaFlex) variant, whose three architectural components underpin the quality
of the extracted embeddings. These components collectively address the visual difficulties of egocentric video,
including its wide field of view, small objects in cluttered scenes, and heavy hand occlusion, as detailed below.

Vision-Language Embedding

(1) NaFlex Vision Encoder. The vision encoder converts input frames into semantic embeddings. Standard
Vision Transformers (ViTs) resize images to a fixed square resolution (e.g., 224 X 224), which can introduce
aspect-ratio distortion or cropping that removes peripheral visual context. SigLIP 2 addresses this limitation
through the NaFlex architecture, which combines variable sequence-length support (FlexiViT) [6] with
aspect-ratio—aware preprocessing (NaViT) [12]. Images are resized to a non-square patch grid that aligns
with the ViT tokenizer while keeping distortion minimal and the token length bounded. The learned
two-dimensional positional embeddings are bilinearly interpolated to match this grid, and padding tokens
are masked during attention. This design preserves the wide field of view characteristic of egocentric
imagery while enabling stable and efficient encoding,.
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(2) Multilingual Text Encoder and MAP Pooling. To encode user steps, SigLIP 2 employs a Transformer-
based text encoder that differs from CLIP-style encoders in two key aspects. First, it adopts the multilingual
Gemma tokenizer with a 256k vocabulary, enabling robust handling of diverse, open-vocabulary step
descriptions across languages [70]. Input text is lower-cased and tokenized with a maximum sequence length
of 64 tokens. Second, instead of aggregating token features with a fixed [CLS] token or simple mean pooling,
the encoder applies a Multi-Head Attention Pooling (MAP) head [83]: a learned attention mechanism that
assigns data-dependent weights to token-level representations before projecting the sequence into the
joint vision-language embedding space. The resulting representation emphasizes semantically informative
terms, such as action verbs and objects, while down-weighting less informative tokens.

(3) Unified Training Recipe for Dense Understanding. Beyond architectural design, SigLIP 2 derives
its performance from a unified training recipe that extends the core sigmoid image—text objective with
auxiliary supervision to preserve dense and spatially grounded representations. Standard contrastive models
often emphasize global alignment [56], producing representations that can underrepresent fine-grained
spatial structure critical for reasoning about detailed interactions [49, 72]. SigLIP 2 addresses this limitation
through two complementary mechanisms.

e Location-Aware Captioning (LocCa). During pretraining, the model is jointly optimized with a
Transformer-based decoder for grounded captioning and referring-expression tasks. This objective
requires the image encoder to retain spatially localized features that support region-level grounding, rather
than collapsing visual information into a single global embedding. As a result, the learned representations
better preserve spatial structure across the image.

e Self-Distillation with Masked Prediction. Following the SILC [49] and TIPS [47] protocols, SigLIP 2
incorporates a self-distillation stage in which a student network predicts the representations of a teacher
network from partially masked image patches. This local-to-global correspondence learning yields fine-
grained representations of image regions, which is particularly important for recognizing small objects
and inferring occluded content in visually cluttered egocentric scenes with heavy hand occlusion.

Once the SigLIP 2 architecture is established, the next step is to encode each video frame and the user-provided
step text into a shared embedding space using SigLIP 2 for inference. During inference, each video frame v; is
processed by the NaFlex Vision Encoder (Eig), while each textual step ¢; is processed by the Text Encoder (Eixy).
Both modalities are projected into a shared d-dimensional embedding space:

Vi = Eimg(v:),  tj = Eu(ty), (1)

where v;,t; € R? denote the visual and textual embeddings, respectively. These embeddings serve as input to the
subsequent stage.

3.2 Frame Candidate Selection

Given the visual and textual embeddings, the next stage retains a subset of frames that are semantically relevant
to the user’s goal-steps, through semantic alignment computation followed by percentile-based filtering.

(1) Semantic Alignment Calculation.
The semantic correspondence between video frames and textual steps is represented by a pairwise similarity
matrix S € RN*M_ Each entry is computed as the cosine similarity between the corresponding visual and
textual embeddings:
V;rt j
R T P ®
A higher value of S; ; indicates stronger semantic correspondence between frame v; and step t;.
(2) Step-Wise Candidate Frame Filtering.
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3.3

To discard redundant content such as camera motion, transitions, and activities with weak alignment to the
given steps, a candidate frame set is constructed by adaptive per-step filtering. For each step t;, a dynamic
threshold 7; is set at the (100 — P)-th percentile of that step’s similarity scores, so that the top P% of frames
are retained:

7j = Q1-pP/100 ({Si,j}ﬁl) ) (3)

where Q,4(+) denotes the g-th quantile and P the percentage of frames retained per step. The candidate set
for step t; collects the frames that pass this threshold:

Cl={ovlS>1}. (4)

To guarantee a minimum candidate pool for each step, this set is augmented with the K, = 8 highest-
scoring frames, denoted by CJK :Cj = Cf U CJK . The final candidate set is the union across all steps:

M
c=|Jo. ()
j=1

Because filtering is applied independently to each step, the resulting candidate count depends on the video
length, number of steps, score distribution, and overlap among the step-specific candidate sets. The retained
candidates are ordered by timestamp and indexed as cy, .. ., cn,, where N. = |C|. This stage reduces the
search space for subsequent temporal alignment and sequence decoding.

Temporal Optimization

Candidate selection identifies semantically relevant frames but does not determine which step each frame repre-
sents or whether the assignments follow the activity’s progression. Empirical analysis of directly concatenating
these candidate frames reveals three reliability issues:

e Visual Ambiguity and Unclear Decision Boundaries:

Similarity scores for semantically related actions (e.g., “add soy sauce” versus “add vinegar”) cluster closely,
as such scenes share near-identical visual elements: a bottle, a kitchen counter, and a pouring motion.
Scores for competing steps often differ by margins below 0.01, leaving little separation to exploit. In this
low-margin regime, greedy per-frame selection amplifies noise, assigning frames to steps on the basis of
minor fluctuations in the embedding space rather than semantic correspondence.

e Overshadowing of Short Actions:

Percentile-based selection allocates candidates in proportion to video length rather than step duration. A
brief step such as “peeling” may last only a few seconds, yet a fixed threshold (e.g., top 10%) retains a far
larger set of frames for it. Because similarity rarely drops sharply at action boundaries, the remaining slots
are filled with visually similar but uninformative frames, such as static holding or transitions. These frames
outnumber the valid ones, making short actions difficult to isolate in the subsequent alignment stage.

e Ambiguity in Repetitive Actions: Independent matching cannot disambiguate recurring steps. When an
action such as “cutting” appears several times in the step sequence, a single frame carries no information
about which occurrence it belongs to. The result is temporal misalignment: a frame from a later cutting
stage is assigned to an earlier occurrence of the step, violating the order of the activity.

To address these issues, frame selection is reformulated as a global alignment problem. The difficulty stems from

the

many-to-many correspondence between visual signals and semantic steps: a single step such as “wash celery”

spans many consecutive frames, while an individual frame may align with several distinct steps, particularly
when the same action recurs at different stages of the activity. Independent per-frame retrieval therefore cannot
resolve the assignment; it requires a globally optimal path that maps frames to steps while promoting consistency
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with their temporal order. This is operationalized by modeling the video as a Hidden Markov Model (HMM) and
decoding it with dynamic programming. Sequence alignment between an ordered transcript and video is well
established in weakly supervised action segmentation [33, 60]. This work adopts the same decoding paradigm
with a forward-biased transition structure. The formulation separates the latent step sequence from noisy visual
observations:

o Latent State Representation. The state space follows the ordered sequence of step occurrences T =
{t1,...,tm}, together with a background state b that absorbs frames belonging to no step. An activity that
recurs appears as several entries, each with its own state, so repetition is represented by construction
rather than collapsed into a single category. At each time step k, the decoder occupies a latent state
qrx € {1,..., M} U {b}, indicating the active step, and the frame embedding v serves as the observation.
Decoding begins in the first step state or in the background state; all other states are disallowed at k = 1.
Formally, the initial-state scores are 7(1) = 0.5, z(b) = 0, and 7(j) = —oo for j € {2,..., M}. The emission
score for assigning frame k to step j is derived from the semantic alignment score Sy ; through the calibration
described below. This formulation is robust to local visual noise: the state at time k is determined not by
the instantaneous match S ; alone, but by the total score of the alignment over the complete candidate
sequence.

e Emission Calibration and Temporal Guidance. Similarity ranges vary across textual steps, so candidate-
level scores are standardized independently for each step, yielding Z ;. Specifically, Z ; = (S j—p;)/(oj+e€),
where i; and o; are computed over the candidate scores for step t;. A soft temporal guidance term Gy ;
then adjusts the visual evidence according to the expected occurrence of step t;. The combined scores are
converted into step-state emission scores using a temperature-scaled log-softmax:

Zk’ i + AGk’ P
J—J) , (6)

T

Ui (j) = log softmax; (

where A is a mode-specific temporal-guidance weight. The background state is assigned a score below
the least-supported step at each candidate, allowing weakly aligned frames to remain unassigned. Within
the shared decoding framework, the two modes differ in how temporal guidance is obtained. In Intention-
Primed Alignment, Gy ; is a bounded Gaussian centered at a coarse temporal cue a; associated with step ¢;,
such as the user’s approximate recollection of when the step occurred:

(t(cx) - a,-)z)

202

Gy,j = exp (— (7)
where t(ci) denotes the timestamp of candidate ci, and o, controls the temporal bandwidth of the cue. The
Gaussian regularizes the emission scores rather than determining the alignment independently. Final frame-
step assignments are jointly determined by visual-language similarity and global sequence optimization
under the order-aware Viterbi decoder.

In Visual Self-Alignment, the Gaussian is replaced by a self-estimated temporal prior: ordered step regions
are inferred from visual-language scores over the sampled timeline, and the resulting prior regularizes the
emission scores alongside visual evidence under the same decoding framework.

e Order-Aware Transition Structure. Temporal progression is modeled through the transition scores ¢ (-, -)
between states. A step state may remain active (¢ = +0.50), modeling variable action duration, or advance
to its immediate successor (¢ = 0.00). Forward skips to a later step carry a fixed penalty (¢ = —2.00),
allowing the decoder to pass over steps that lack visual support rather than forcing spurious assignments,
following the motivation of skip-tolerant alignment [14]. Direct backward transitions between step states
are prohibited (¢ = —o0). Transitions into the background state score —0.50, transitions from it to any step
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state +0.20, and remaining in it +0.50. The background state therefore serves two functions: it absorbs
frames that match no step, and it provides the only path by which the decoder can return to an earlier
step. The transition structure is therefore forward-biased between consecutive active assignments, while
transitions through the background state may return to an earlier step.

¢ Global Optimization via Viterbi Decoding. The number of possible state sequences grows exponentially
with the length of the candidate sequence, making exhaustive search infeasible. Because the objective
decomposes into per-frame emission terms and pairwise transition terms between consecutive states, it ad-
mits an exact dynamic-programming solution. Viterbi decoding computes the globally highest-scoring state
sequence yj,, in O(N,M?) time, determining all frame-step assignments jointly rather than independently,
under the order-aware transition structure.

e Optimization Objective. Let Y = {1,..., M, b} denote the M step states and the background state b. The
optimal alignment is the state sequence that maximizes the total sequence score:

N, N,
Yin, = argmax |w(y) + > (i) + Y ey | (8)
y1:N. €Y Ne k=1 k=2

where 7(y;) is the initial-state score, ¥ (yx) is the emission score for assigning candidate frame ¢y to state
Yk, and @ (yx—1, Yx) is the transition score between consecutive states. The two modes share this decoding
objective and transition model but construct the emission scores differently. Intention-Primed Alignment
uses coarse temporal cues, whereas Visual Self-Alignment first estimates ordered temporal regions from
the full visual sequence and uses them to derive visual temporal guidance. The terms constitute an additive
sequence score rather than a normalized joint probability; accordingly, Viterbi decoding maximizes the total
alignment score rather than a likelihood. This global objective evaluates each assignment in the context of
the complete candidate sequence, reducing errors caused by locally ambiguous frame—step similarities.

o Step Coverage and Missing Steps. Forward skips allow the decoder to bypass steps with insufficient
visual support. After decoding, any step with no assigned candidate is given the highest-scoring frame from
its step-specific candidate set. These fallback selections are marked separately from Viterbi assignments.
Thus, complete step coverage is enforced during post-processing rather than by the transition structure.

Together, these stages transform the sampled video into a compact sequence of step-linked highlights.

4 EVALUATION PROTOCOL

This section specifies the evaluation protocol: Section 4.1 describes the evaluation population, Section 4.2 defines
the metrics, Section 4.3 presents the implementation details and hyperparameters, and Section 4.4 introduces the
compared methods and budget-matching procedure used for the budget-constrained baselines.

4.1 Dataset

The GOHi framework is evaluated on the Ego4D Goal-Step benchmark [67], which targets hierarchical procedural
understanding in long-form egocentric video. The wearer cooks naturally, without following a script. Visual
evidence of the ordered procedure is therefore interspersed with redundant footage, transitions, and off-task
activity, reflecting realistic operating conditions for a wearable assistant. Goal-Step organizes activities into
three levels: high-level goals (e.g., “Make an omelet”), intermediate steps (e.g., “Crack eggs”), and fine-grained
substeps (e.g., “Pick up egg”). The annotations provide ordered, temporally localized procedural events distributed
throughout long recordings. This structure provides a suitable testbed for intention-driven summarization, which
must identify sparse visual evidence for an ordered procedure amid substantial redundancy, transitions, and
activity unrelated to the evaluated steps.
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The dataset split provides 583 training and 134 validation videos. Because the method is training-free, the
training split poses no contamination risk and both splits are evaluated. Nine videos yield no valid step occurrences
under the evaluation filtering protocol and are excluded from every condition, leaving 708 videos (131 validation,
577 training) totaling 302.1 hours. The evaluated videos are long and procedurally diverse, with a median duration
of 19.3 minutes (IQR: 10.9-31.6) and a median of 27 annotated substeps per video (IQR: 12-49). Across 27,521
evaluated substeps, the median duration is 11.6 seconds (IQR: 5.3-25.0). The duration spans 1.6 seconds at the 5th
percentile to 46.8 minutes at the maximum; 23.4% last fewer than five seconds. These statistics reflect substantial
variation in both procedural complexity and temporal scale across the benchmark.

Procedural activity in continuous egocentric capture is rarely a linear pass through a plan. People revisit steps,
interleave them with unrelated activity, and abandon and resume tasks. This population reflects that. Of the 708
evaluated videos, 584 (82.5%) contain at least one repeated step, and 10,066 of the 27,521 evaluated substeps (36.6%)
revisit a step appearing earlier in the same video; the figure is insensitive to the matching rule, as lemmatized
matching yields 37.6%. The input construction preserves these repeated occurrences. The state sequence is defined
over ordered step occurrences rather than unique activity categories. A recurring activity contributes a separate
state for each occurrence, allowing repetitions to be represented without collapsing them into a single category.
Preserving occurrence order therefore places no restriction on how often an activity recurs. Off-task activity is
likewise present rather than filtered away. Step lists exclude optional and irrelevant entries, together with five
categories that occur incidentally across goals rather than as part of any procedure (use phone, use computer,
write a note, set the dining table, do laundry). The exclusion applies to the step list alone; the corresponding
video intervals are not removed from the visual input. Activity from excluded categories therefore persists as a
distractor during frame selection rather than being removed from the input. Annotated off-task segments appear
in 50 videos, accounting for 62.5% of runtime in one example video.

4.2 Evaluation Metrics

Evaluating procedural highlight frames extraction requires balancing three objectives: compactness, procedural
coverage, and temporal precision. Accordingly, four metrics are reported: Compression Rate, the fraction of the
original recording retained after selection; Step Recall, the proportion of stated steps for which the selected
frames provide evidence; Step F1-Score, the balance between that coverage and steps predicted but not located;
and Frame Precision, the proportion of retained frames falling within their assigned intervals. Together they
characterize the trade-off between compactness, procedural coverage, and temporal alignment.

e Compression Rate (Compactness). Compression Rate measures summary compactness and is defined
as the ratio of selected highlight frames to the total number of frames in the original 30 FPS recording:

(v)
ZU Nselected (9)

()

0~ “original

Compression Rate =

where No(rvi)ginal is the raw frame count of video v before temporal downsampling. The ratio is aggregated at
the dataset level, as the sum of selected frames over the sum of raw frames, so that videos contribute in
proportion to their length rather than equally. Lower values indicate stronger temporal compression.

o Step Recall (Coverage). Step Recall measures procedural coverage. A ground-truth step occurrence s;
is considered recovered if at least one selected frame assigned to s; has a timestamp within its annotated

temporal interval. Step Recall is defined as

N
1
Step Recall = N IZ:;% [recovered(s;)], (10)
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where N is the number of evaluated step occurrences in the input plan.

o Step F1-Score. Step F1-Score summarizes step-level coverage and correctness as the harmonic mean of
Step Recall and Step Precision. A step occurrence is considered predicted if at least one selected frame is
assigned to it. Step Precision is the fraction of predicted step occurrences for which at least one assigned
frame lies within the corresponding ground-truth interval:

# {sl- : s; is predicted and correctly recovered}

(11)

Step Precision =
# {si 1s; is predicted}

The Step F1-Score is then

2 - Step Precision - Step Recall
Step F1 =

. 12

Step Precision + Step Recall (12)

o Frame Precision (Frame-Level Alignment). Frame Precision measures temporal alignment at the frame
level. A selected frame assigned to step occurrence s; is considered correct if its timestamp lies within the
annotated interval of s;. It is defined as

N, correct

Frame Precision = (13)

selected |
where Neorrect is the number of selected frames that fall within the annotated interval of their assigned step
occurrence. Matching uses zero temporal slack and no global temporal offset: a selected frame contributes
only if its timestamp lies inside the annotated interval.

Compression Rate is aggregated over the full dataset as defined above. Step Recall, Step F1-Score, and Frame
Precision are computed separately for each video and then averaged over the 708 evaluated videos. Matching uses
zero temporal slack and no global temporal offset: a selected frame contributes only if its timestamp lies inside the
annotated interval. A video in which no selected frame falls within any annotated interval yields an undefined Step
Precision and Step F1; such videos contribute zero rather than being excluded from the average, so that a method
is not rewarded for failing completely rather than partially. Together, these metrics characterize the trade-off
between summary compactness, procedural coverage, and temporal alignment. Compression Rate quantifies the
reduction in visual input, while the step-level and frame-level metrics measure whether the compressed summary
preserves the procedural evidence required for subsequent review and reasoning.

4.3 Experimental Settings

Following common practice in long-form video understanding, videos are subsampled to 1 FPS. The candidate-
retention percentage is evaluated at P € {2, 4, 6, 8, 10, 15} %, providing operating points with different compression-
coverage trade-offs. For the emission model defined in Section 3.3, the softmax temperature is fixed at 7 = 0.7.
Intention-Primed Alignment uses a temporal-guidance weight of Ajpa = 2.0 and a Gaussian bandwidth of o, = 30
seconds, whereas Visual Self-Alignment uses Aysa = 0.5. The temporal-guidance weights, Gaussian bandwidth,
and softmax temperature were selected on a small ten-video development subset and held fixed across all videos
and candidate-retention levels unless explicitly varied in an ablation. No per-video or per-operating-point tuning
is performed. As described in Section 3, the Gaussian prior uses the user’s approximate recollection as a temporal
cue. The Gaussian prior provides only soft guidance, while visual evidence and global decoding determine the
final alignment. Handling inaccurate recollections is outside the scope of this work and is discussed in Section 7.
In the experiments, the temporal center of each annotated step is used as the proxy anchor for constructing
Gaussian prior.
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4.4 Compared Methods and Budget Matching

Two evaluation regimes are used. All methods implemented in this paper are evaluated on the same 708 videos
using identical targets and metrics. The comparison set includes four budget-constrained baselines—Uniform
Sampling, GPT-5.5 Semantic Scoring, VSUMM-Style Clustering, and CLIP-Based Independent Retrieval—together
with three component ablations and one oracle upper bound. The comparison with Training-Free Online Video
Step Grounding [82] follows a separate protocol. Rather than reproducing the published system, the proposed
method is evaluated under its reported setting, using the same video set, target construction, and metric. Results
from the two protocols are reported separately.

To isolate selection quality from summary length, all methods are evaluated under identical per-video frame
budgets. At each operating point, the output of Intention-Primed Alignment defines the per-video budget for the
four baselines, preserving the same evaluation population across methods. Visual Self-Alignment is evaluated at
the same candidate-retention percentage and therefore has an independently realized output size. Component
ablations are evaluated at the same candidate-retention percentage P as Intention-Primed Alignment rather than
under a forced output budget.

5 EVALUATION RESULTS

This section evaluates the proposed framework against four complementary keyframe-selection baselines under
identical per-video frame budgets. The comparison spans established classical summarization methods and
contemporary vision-language approaches: content-agnostic temporal sampling, representative-frame clustering
with modern visual features, zero-shot query-conditioned retrieval, and high-capacity multimodal semantic
scoring. Together, these baselines position the proposed framework against both canonical and current alternatives
for goal-conditioned video highlight extraction. A separate protocol-matched comparison with BaGLM, a recent
training-free method for online video step grounding [82], is presented in Section 5.2.

Uniform Sampling isolates the effect of the frame budget: any improvement over it reflect content-aware
frame selection rather than from the frame budget itself. It selects frames at fixed temporal intervals without
using either visual content or step descriptions. Selected frames are assigned to the ordered steps by partitioning
the summary into contiguous, equal-size blocks. This baseline measures the extent to which temporal coverage
and frame budget alone recover procedural content.

VSUMMS-Style Clustering establishes what visual diversity alone recovers. It represents the classical generic
video-summarization paradigm, in which keyframes are selected to capture the visual diversity of a recording.
The original VSUMM method clusters hand-crafted visual descriptors [11]; here, k-means is instead applied to
SigLIP 2 frame embeddings, and the frames nearest the cluster centroids are retained. This adaptation evaluates
the underlying representative-frame principle using modern visual features rather than penalizing the baseline
for its original feature representation. Because the selection process does not use the step list, it tests whether
generic visual representativeness is sufficient to preserve goal-relevant procedural evidence. Selected frames are
assigned to steps using the same block-based rule as Uniform Sampling.

CLIP-Based Independent Retrieval isolates sequence-level structure and exposes the contribution of
temporal optimization. It provides a strong zero-shot vision-language baseline for query-conditioned frame
selection. Frames are ranked independently for each step using frame—text similarity from CLIP ViT-L/14 at
336 px, and the highest-ranked frames are retained under the shared budget. The baseline reflects the direct
retrieval principle underlying CLIP-based query-focused video methods [43, 50], while excluding their learned
temporal components. It is the closest non-sequential alternative to the proposed framework: both condition
selection on the ordered step list, but independent retrieval does not jointly optimize frame assignments across
step occurrences. To separate this difference from encoder choice, Section 5.3 also evaluates independent ranking
with SigLIP 2 embeddings.
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GPT-5.5 Semantic Scoring provides a high-capacity, general-purpose multimodal baseline. Each sampled
frame is evaluated for relevance to the full step list using a rolling context over preceding frames, after which
the highest-scoring frames are retained and assigned to their highest-scoring steps. This baseline tests whether
general multimodal semantic reasoning is sufficient without an explicit temporal prior, sequence decoder, or
step-coverage mechanism.

These baselines isolate four distinct sources of performance: temporal coverage, visual representativeness,
independent frame—text retrieval, and general-purpose multimodal reasoning. Their comparison with the proposed
framework therefore assesses the additional value of structured, goal-conditioned temporal alignment.

5.1 Results

Table 1 reports the primary comparison at P = 8%, with realized compression rates ranging from 1.57% to 1.77%.
Both operating modes of the proposed method outperform all comparison methods. Intention-Primed Alignment
provides the strongest performance, with 85.63% Step F1 and 62.36% Frame Precision, while Visual Self-Alignment
yields 62.46% Step F1 and 41.98% Frame Precision. The slightly lower compression rates of CLIP-Based Independent
Retrieval and VSUMMS-Style Clustering arise because their eligible frame sets are insufficient to fill the assigned
per-video budget in some videos. The compression rates of the two proposed operating modes are computed
independently from their respective retention percentages. The strongest baselines, GPT-5.5 Semantic Scoring
and CLIP-Based Independent Retrieval, reach 39.99% and 39.77% Step F1, respectively. These results indicate that
organizing visual evidence according to the ordered step sequence provides substantial benefit beyond temporal
coverage, generic visual representativeness, and independent semantic matching. Step Coverage and Step F1
coincide for five of the six methods, because these methods assign at least one frame to every input step, making
Step Precision equal to Step Recall, and hence Step F1 equal to Step Coverage. CLIP-Based Independent Retrieval
leads all baselines in Step Coverage at 39.77%, yet records the lowest Frame Precision at 15.45%, below even
content-agnostic Uniform Sampling. Conditioning selection on the step list helps identify which procedural steps
are visually present, but does not reliably determine when each step occurs. Frame-text similarity may remain
high across multiple visually similar moments, causing independently ranked frames to concentrate on typical
appearances of an action rather than the temporal interval of the corresponding step occurrence. This contrast
highlights the importance of sequence-level temporal organization beyond independent semantic retrieval.
Moreover, Table 2 and Figure 3 report all six retention levels, spanning compression rates from 0.87% to 2.05%
and Step F1 from 71.36% to 86.09% for Intention-Primed Alignment mode extracting highlight frames. Increasing
retention produces different frame-level effects across the methods. The two semantic baselines show a clearer
precision decline as the budget grows: GPT-5.5 Semantic Scoring falls from 32.86% to 27.75%, while CLIP-Based

Table 1. Highlight extraction performance at the top-8% operating point (P = 8). All methods are evaluated on the same
708 videos. Compression is the realized fraction of frames retained from the original 30 FPS stream. Arrows indicate the
preferred direction.

Method Compression (%) | Coverage (%) T Step F1(%)T  Frame Prec. (%) T
Intention-Primed Alignment 1.72 85.63 85.63 62.36
Visual Self-Alignment 1.77 62.46 62.46 41.98
GPT-5.5 Semantic Scoring 1.72 34.88 39.99 29.19
CLIP-Based Independent Retrieval 1.57 39.77 39.77 15.45
Uniform Sampling 1.72 33.27 33.27 16.35
VSUMMS-Style Clustering 1.63 31.99 31.99 15.95
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Highlight Extraction Performance Under Different Compression Rates
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Fig. 3. Highlight extraction performance across varying compression rates on the Ego4D Goal-Step benchmark. The two
proposed operating modes are evaluated at different candidate-retention percentages P and compared with GPT-5.5 Semantic
Scoring, CLIP-Based Independent Retrieval, Uniform Sampling, and VSUMM-Style Clustering.

Table 2. Highlight extraction performance across all candidate retention levels P on 708 Ego4D Goal-Step videos. Compression
Rate is the fraction of the original 30 FPS stream retained.

Step Coverage (%) T Step F1 (%) T Frame Precision (%) T

P (%) 2 4 6 8 10 15 2 4 6 8 10 15 2 4 6 8 10 15

Compression, IPA (%) | 0.87 1.25 148 1.72 191 2.05 0.87 1.25 148 1.72 191 2.05 0.87 1.25 148 1.72 191 2.05
Compression, VSA (%) ! 0.88 1.30 1.58 1.77 1.92 222 0.88 1.30 1.58 1.77 1.92 222 0.88 1.30 1.58 1.77 1.92 222
Intention-Primed Alignment 71.36 77.61 81.55 85.63 85.11 86.09 71.36 77.61 81.55 85.63 85.11 86.09 62.91 62.78 62.79 62.36 59.78 60.95
Visual Self-Alignment 54.75 58.87 60.93 62.46 63.35 64.39 54.75 58.87 60.93 62.46 63.35 64.39 43.05 42.90 42.15 41.98 41.52 40.78
Uniform Sampling 29.70 31.33 32.22 33.27 33.82 33.69 29.70 31.33 32.22 33.27 33.82 33.69 15.74 15.99 16.23 16.35 16.58 16.55
VSUMMS-Style Clustering 28.59 29.80 30.52 31.99 33.70 34.48 28.59 29.80 30.52 31.99 33.70 34.48 15.62 15.61 15.70 15.95 16.92 17.08
CLIP-Based Independent Retrieval 31.49 35.88 37.81 39.77 42.46 42.62 31.49 35.88 37.81 39.77 42.46 42.62 17.30 16.62 16.26 15.45 15.04 14.94
GPT-5.5 Semantic Scoring 28.61 31.82 33.12 34.88 36.28 36.79 34.70 37.46 38.46 39.99 41.23 41.72 32.86 31.33 30.26 29.19 28.28 27.75

Independent Retrieval falls from 17.30% to 14.94%. In contrast, Uniform Sampling and VSUMM-Style Clustering
remain nearly flat. These trends indicate that adding independently selected semantic matches primarily increases
coverage, but also introduces visually plausible frames outside the correct step intervals. Structured alignment
maintains substantially higher temporal precision throughout the compression sweep. Overall, these results
show that effective highlight extraction requires both a strong visual encoder and structured, goal-conditioned
temporal alignment to balance compression, procedural coverage, and frame-level precision.

5.2 Comparison with Training-Free Video Step Grounding

BaGLM [82] is a recent training-free framework for video step grounding that reports comparisons with state-of-
the-art specialized grounding methods and strong zero-shot multimodal models. Although video step grounding
and highlight extraction both localize natural-language procedural steps in long, untrimmed video, their standard
evaluation protocols differ in target construction and metrics. The comparison is therefore reported separately
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Table 3. Comparison under the exact Ego4D Goal-Step evaluation protocol used by BaGLM [82]. All methods are evaluated
on the same 131-video validation split using the same 2,276 canonical video—category targets and pooled Recall@1 metric.
Prior results are reported in the BaGLM study; Visual Self-Alignment is evaluated using its final extracted highlights at
P =8%.

Method Pooled R@1 (%)
Specialized video step grounding
VSLNet [85] 243
NaSVA [40] 29.1
NaSVA (causal variant) [40, 82] 24.2
Off-the-shelf multimodal models
LLaVA-OneVision-7B [37] 36.4
Qwen2.5-VL-7B [1] 36.0
InternVL3-8B [88] 44.2
InternVL2.5-8B [9] 45.20
Training-free structured grounding
BaGLM [82] 433
Visual Self-Alignment (ours), P = 8% 58.92

from the main highlight-extraction evaluation. Visual Self-Alignment is used because it most closely matches
the BaGLM input setting: both methods operate without task-specific training or externally supplied temporal
guidance. Visual Self-Alignment is evaluated using its final extracted highlights at P = 8%.

The protocol is matched in the aspects that determine the evaluation metrics although Visual Self-Alignment
operates offline, whereas BaGLM operates online. Both evaluations use the identical 131-video validation split, top-
level step descriptions, text canonicalization procedure, and per-video deduplication of canonical step categories.
Repeated occurrences of the same category form a single prediction target, while all corresponding annotated
intervals remain valid. Each video—category target receives one temporal prediction, which is evaluated using
the same interval discretization and pooled Recall@1 computation. The resulting evaluation set contains 2,276
video—category targets, and the locally generated target mapping matches the released BaGLM mapping exactly,
with zero mismatches.

As shown in Table 3, Visual Self-Alignment achieves 58.92% pooled Recall@1, outperforming every Ego4D
Goal-Step result reported in the BaGLM study. The strongest prior result is obtained by InternVL2.5-8B at
45.20%, yielding an improvement of 13.72 percentage points. Visual Self-Alignment also exceeds BaGLM by 15.62
percentage points and NaSVA, the strongest reported specialized grounding model, by 29.82 percentage points.
Notably, the proposed result is computed from the final extracted highlights rather than predictions over the
unrestricted video timeline. Under this exactly matched evaluation protocol, Visual Self-Alignment achieves
the highest result among the methods considered under the matched target construction and metric offline,
surpassing both specialized video-grounding systems and strong general-purpose multimodal models.

BaGLM addresses the challenging setting of training-free online step grounding, whereas the proposed method
focuses on constructing compact, goal-oriented highlights from long egocentric video. Under the shared Ego4D
evaluation protocol, the stronger performance of Visual Self-Alignment likely reflects the combined effect of fine-
grained SigLIP 2 frame-step representations, step-wise candidate filtering, and order-aware sequence decoding.
These components jointly reduce ambiguity among repeated actions and visually similar steps, producing more
accurate step-specific temporal predictions. The results therefore highlight complementary strengths: BaGLM
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advances online procedural grounding, while Visual Self-Alignment is particularly effective for extracting compact
and temporally organized procedural evidence.

5.3 Component Ablation

To quantify the contribution of the principal design choices, controlled ablations examine the visual-language
encoder, sequence-level alignment, and directional transition structure. The two operating modes of the main
method, Intention-Primed Alignment and Visual Self-Alignment, additionally reflect the effect of externally
supplied temporal guidance. This experiment is conducted on the validation split using identical inputs across all
settings.

CLIP Encoder replaces SigLIP 2 with CLIP ViT-L/14 at 336 px while retaining the candidate-selection procedure,
temporal prior, prior weight, Gaussian bandwidth, order-aware decoder, and post-decoding coverage rule. This
ablation isolates the effect of the visual-language representation.

Independent Visual Ranking removes the temporal alignment and sequence decoding modules. Candidate
frames are ranked independently by their maximum frame—step similarity and assigned to the corresponding
step. The same primary frame budget and post-selection coverage rule are retained. This ablation quantifies the
contribution of structured temporal alignment relative to independent visual-semantic retrieval.

Bidirectional Transitions retains the complete Intention-Primed Alignment pipeline but removes the
directional preference among active step states. Forward and backward transitions of the same temporal distance
receive identical scores, while the visual emissions, temporal prior, background-state transitions, initialization, and
coverage rule remain unchanged. This ablation isolates the contribution of forward-biased procedural ordering
while preserving global Viterbi decoding.

Table 4 reports the ablation results at P = 10%. The ablation results reveal a clear hierarchy among the design
components. Independent Visual Ranking performs substantially worse than the complete method, showing
that semantic similarity provides useful local evidence but is insufficient on its own. Repeated objects, actions,
and environments make individual frame—step matches ambiguous in long egocentric video. Sequence-level
decoding resolves this ambiguity by evaluating assignments in the context of the surrounding candidates and
the full procedural sequence, transforming locally plausible matches into a globally coherent alignment. The
encoder ablation further shows that structured decoding depends on the quality of its visual evidence. Replacing
SigLIP 2 with CLIP weakens the separation of fine-grained actions, while the much larger degradation from
Independent Visual Ranking indicates that stronger representations cannot replace sequence-level reasoning.
The smaller effect of Bidirectional Transitions suggests that most of the benefit comes from jointly optimizing
assignments across time, with encoder quality and directional structure providing complementary refinement.
As a separate diagnostic, Window-Regularized Alignment evaluates the Gaussian temporal prior under oracle
parameterization using annotated step intervals, while keeping all other components unchanged. This condition
achieves 92.86% Step F1 and 74.74% Frame Precision, indicating that the Gaussian prior can support substantially

Table 4. Component ablation at P = 10%, isolating the contributions of the visual-language encoder, sequence-level alignment,
and directional transition structure.

Method Step Recall (%) Step F1 (%) Frame Precision (%)
Intention-Primed Alignment 82.19 82.19 57.22
Bidirectional Transitions 80.71 80.71 55.41
CLIP Encoder 77.59 77.59 50.56
Independent Visual Ranking 50.20 50.20 20.33
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Table 5. Stage-wise runtime decomposition of the complete highlight-extraction pipeline. Other pipeline overhead is the
difference between the measured pipeline total and the sum of the instrumented stages. The end-to-end total additionally
includes per-video model loading (2.77 s) and process setup.

Stage Mean time (s)  Pipeline share (%)
Full-frame frame-text scoring 71.89 60.10
Candidate selection and I/0O 5.24 4.38
Dense candidate rescoring 41.91 35.04
Temporal alignment and sequence decoding 0.29 0.24
Evaluation 0.06 0.05
Other pipeline overhead 0.23 0.19
Pipeline total 119.62 100.00
End-to-end total 123.08 -

stronger alignment when accurately parameterized. These results characterize the potential of the prior rather
than a deployable operating point, since the required interval annotations are unavailable at inference time.

5.4 Computational Efficiency

This analysis quantifies the runtime and memory cost of the complete highlight-extraction pipeline, with particular
attention to the overhead introduced by temporal alignment and sequence decoding. Intention-Primed Alignment
is profiled at P = 10% on 50 videos. Each video is processed independently on an NVIDIA RTX 6000 Ada GPU
using fresh text and image inference, without cached embeddings. The sample has a mean duration of 28.03
minutes and includes videos up to 120.40 minutes long. Runtime is decomposed into vision-language scoring,
candidate processing, temporal alignment, and evaluation, while GPU memory is measured for both the complete
pipeline and the alignment stage.

The mean pipeline runtime is 119.62 seconds per video. Including per-video model loading, the mean end-
to-end runtime is 123.08 seconds per video, equivalent to 263.4 GPU-seconds per hour of source video, 13.67%
real-time processing, and a real-time factor of 0.0732. Full-frame scoring and dense candidate rescoring account
for 95.14% of the pipeline runtime. Temporal alignment and sequence decoding require only 0.29 seconds per
video, corresponding to 0.24% of the total pipeline time. Computation is therefore dominated by pretrained
vision-language inference rather than structured sequence optimization.

The memory measurements show the same pattern. The complete pipeline reaches a mean peak of 6.29 GB
allocated and 7.89 GB reserved, while temporal alignment adds only 8.16 MB above the loaded-model baseline.
For the sampled video closest to the median duration, the Viterbi dynamic-programming table occupies 0.196 MiB.
At this operating point, the final highlights retain 1.87% of the corresponding 30 FPS source frames. The pipeline
therefore substantially reduces the visual context provided to downstream models, while temporal alignment
contributes negligible runtime and memory overhead.

6 DOWNSTREAM APPLICATION: CONTEXTUAL QUESTION ANSWERING

A central challenge for Al-enabled glasses and wearable agents is to transform continuous first-person video
into a persistent, queryable memory of everyday activity, enabling questions such as where an object was left or
whether a task step was completed. Meeting this challenge requires preserving the visual evidence needed for
later retrieval and reasoning while discarding redundant content. Goal-oriented highlight extraction addresses
this problem by selecting frames aligned with the user’s intended goal-steps, thereby producing a compact record
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of task-relevant evidence. For wearable Al systems, this representation can reduce the storage and transmission
burden of continuous video, as well as the visual-token usage, inference latency of downstream multimodal
models. The following question-answering evaluation tests whether these efficiency gains can be achieved
without sacrificing the information required for episodic recall and long-horizon video understanding.

Although Section 5 evaluates temporal alignment and step coverage, these metrics do not determine whether
the selected highlights retain the information required by downstream applications. A temporally accurate
highlight sequence may still omit object states, action details, or temporal relations needed to answer a question.
We therefore evaluate the extracted highlights through contextual video question answering. A multimodal
language model receives either densely sampled frames or the corresponding goal-oriented highlights and
answers the same questions under both conditions. The resulting difference in answer quality quantifies how
much question-relevant information is lost through highlight extraction.

6.1 Dataset

The downstream evaluation uses MultiHop-EgoQA [8], a long-form egocentric video question-answering bench-
mark designed for multi-hop reasoning over temporally distributed evidence. Each 180-second video segment
is associated with question—answer pairs from six reasoning categories, including repeated activities, event
composition, and multiple-object interactions. These questions provide a challenging test of summary quality
because answering them often requires evidence from multiple moments across the video. The selected highlights
must therefore preserve not only isolated salient events, but also the chain of visual evidence needed to connect
them across the activity timeline. MultiHop-EgoQA further challenges goal-oriented extraction because its
questions are derived from dense narrations and may target incidental actions or contextual details outside the
provided goal-steps. The evaluation thus examines whether goal-oriented highlights retain sufficient temporal
coverage and contextual information to support downstream reasoning beyond the content explicitly prioritized
during extraction.

6.2 Experiment Setup

The evaluation uses a paired comparison between Dense Uniform Sampling and Goal-Oriented Highlights.
Dense Uniform Sampling extracts one frame per second from each video segment. Goal-Oriented Highlights uses
the frames selected at P = 10%. When the same source frame is selected for multiple goal-steps, it is included
only once in the chronological input sequence. Different conditions use the same videos, questions, model
configuration, image preprocessing, prompting, chunking procedure, and evaluation protocol, and differ only
in the frames supplied to the question-answering model. GPT-5.5 serves as the question-answering model. For
each video segment, the model receives the timestamped frames from one condition together with all associated
questions. Each frame is accompanied only by its timestamp; the model is not given the input condition, goal-step
labels, reference answers, or annotated evidence intervals. The model is instructed to answer solely from the
supplied visual evidence and to return “Unknown” when the evidence is insufficient. When a segment exceeds
the per-request image limit, its frames are divided into consecutive temporal chunks. The complete question set
is answered from each chunk, and the chunk-level responses are reconciled in a subsequent text-only call. No
frames are discarded during this process.

Answer quality is assessed using a separate GPT-5.5 invocation as an LLM judge. For each question, the judge
receives the reference answer and the predictions from different visual-input conditions under anonymous labels.
The order of the dense and highlight predictions is balanced across questions, and each prediction is scored
independently using the following five-point rubric based on factual correctness and semantic completeness:

e 5 (Excellent): The prediction is semantically equivalent to the reference answer and accurately captures
all essential information.
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4 (Good): The prediction is largely correct and captures most essential information, with only a minor
omission or discrepancy.

3 (Fair): The prediction is partially correct but contains a notable omission or inaccuracy.

2 (Poor): The prediction contains limited relevant information but includes a major error or omission.

1 (Very Poor): The prediction is incorrect, irrelevant, or fails to provide an answer supported by the
reference.

The paired score difference between the two conditions measures the change in question-answering quality
when dense uniform sampling is replaced by goal-oriented highlights. A small difference indicates that the
highlights retain most of the question-relevant information available under dense sampling.

6.3 Results and Analysis

Table 6 summarizes the trade-off between downstream QA accuracy and the visual context required for multimodal
inference. Compared with dense 1 FPS sampling, both highlight-based conditions reduce the number of input
frames by approximately 32%, and total API-token usage by approximately 24%. These efficiency gains are
accompanied by modest decreases in mean QA score of 0.167 points for Intention-Primed Alignment and 0.193
points for Visual Self-Alignment. Figure 4 provides a qualitative example of how goal-oriented frame selection
changes the visual evidence presented to the QA model. For the wooden-spoon question, the highlight condition
captures multiple interactions and scores 4, whereas uniform sampling identifies only stirring and scores 2.
Both conditions correctly resolve the milk-flour ordering and score 5. These examples show that goal-oriented
selection can preserve action and temporal evidence while removing redundant frames, and may occasionally
support more complete answers than dense sampling. Taken together, these results indicate that much of the
visual evidence needed for downstream QA is concentrated in a relatively small subset of frames, whereas
redundant context accounts for a substantial portion of the processing burden.

7 DISCUSSION
7.1 From Video Compression to Goal-Conditioned Visual Memory

This work introduces an intention-driven framework for extracting highlights from long-form egocentric video
while preserving the visual evidence required for reasoning and recall. A natural question raised by this design is

Table 6. Comparison among dense 1 FPS sampling, Intention-Primed Alignment (IPA), and Visual Self-Alignment (VSA) for
downstream QA at P = 10%. Negative values in the last two columns indicate reductions relative to dense 1 FPS sampling.

Metric Dense Uniform  Intention-Primed  Visual Self- A TPA A VSA
1FPS Alignment Alignment vs.Dense  vs. Dense
Resource usage
Total frames sent to QA model 48,240 32,841 32,999 -31.9% -31.6%
Average frames per video 374.0 254.6 255.8 -31.9% -31.6%
Average tokens per video 59,265 44,874 45,128 -24.3% -23.9%
Total tokens 7,645,172 5,788,718 5,821,566 -24.3% -23.9%
Average latency per video 169.1s 138.1s 161.4's -18.3% -4.6%
Average API cost per video $0.412 $0.308 $0.311 -25.3% -24.6%
Total API cost $53.16 $39.71 $40.06 -25.3% -24.6%
QA quality
Average question-answer score 2.933 2.766 2.740 -0.167 -0.193
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Total
Highlight Frames:
Total N=47

Total
Uniform Frames:
N=180(1fps),
N=5400(raw)

Question: What actions did | perform with the wooden spoon?

Ground Truth: You dipped, stirred, and removed the wooden spoon in the soup.

<Score 2> Uniform: I used the wooden spoon to stir the red sauce cooking in the pot on
the stove.

<Score 4> Highlight: I picked up the wooden spoon, stirred the food in the pot on the
stove, and then placed the spoon on a small dish.

Question: Did | pour the milk into the flour before or after pouring the flour into the bowl?

Ground Truth: You poured the milk into the flour after pouring the flour into the bowl.
<Score 5> Uniform: You poured the milk into the flour after pouring the flour into the
bowl.

<Score 5> Highlight: You poured the milk into the flour after pouring the flour into the
bowl.

Fig. 4. Qualitative comparison of uniform 1 FPS sampling and goal-oriented highlight extraction for video QA. The highlight
method retains 47 frames, compared with 180 frames under uniform sampling. A single frame at T = 42 s captures the
flour-pouring event, while a sparse set of frames from T = 46—180 s represents repeated stirring. The highlight input achieves
QA scores of 4 and 5, compared with 2 and 5 under uniform sampling, while removing redundant and transitional frames.

whether an explicit goal-step plan is always available in practice. Rather than treating goal-steps as a limitation,
this work adopts them as a deliberate abstraction that defines the problem scope and separates highlight extraction
from upstream goal and step inference. Given an ordered natural-language description of the intended goal-steps,
the proposed method selects a compact, temporally coherent set of visual evidence. Recent work addresses
complementary upstream problems, including goal inference, plan recognition, procedural decomposition, and
temporal grounding in long-form egocentric video. This paper instead focuses on the subsequent challenge of
converting an available procedural description and a noisy, redundant visual stream into a compact representation
for downstream retrieval and reasoning. This separation makes the framework modular. Goal-steps may be
provided through explicit user input, voice commands, task specifications, known procedures, or automated
inference models. Improvements in upstream goal and step inference can be incorporated without modifying
the highlight-selection and alignment mechanism. In many practical settings, including instructional activities,
planned routines, and agent-assisted tasks, the goal and expected steps are already available. In such cases, the
central challenge is not discovering the intention, but managing the scale and redundancy of the recorded visual
experience.

More broadly, goal conditioning changes video summarization from producing a single generic synopsis to
constructing task-specific visual memories. For wearable devices and agentic Al systems, the relevance of past
observations depends on the current question or action. Locating an object, verifying a completed step, and
recovering context for a future decision may each require different evidence from the same recording. The

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 4, Article 230. Publication date: December 2026.



230:22 - Kaylee Yaxuan Li, Ke Sun, Kang G. Shin, Alanson P. Sample, Amy Karlson, Eric Whitmire, and Yifan Wang

proposed framework supports these uses by mapping a shared egocentric video history to distinct, temporally
ordered highlight sets. These compact representations reduce the visual content processed by downstream
video-language models while preserving the evidence needed for retrieval and reasoning. Goal-oriented highlight
extraction therefore provides a representation layer for transforming continuous egocentric video into compact,
query-specific visual evidence that can be stored, retrieved, and analyzed by contextual Al agents.

7.2 Limitations and Future Work

GOHi has several limitations that define directions for future work. First, the framework separates highlight
extraction from downstream reasoning. Although this modular design improves efficiency, it creates an irreversible
information bottleneck: visual evidence omitted during selection cannot be recovered by the downstream model.
This limitation is particularly important when the relevance of a subtle detail becomes apparent only after a query
is posed, such as the state of a small component during a repair task. Future work should investigate adaptive
selection and reasoning mechanisms that can revisit original videos, retrieve additional evidence, or update
retained visual memory when current context is insufficient. Such mechanisms could preserve the efficiency of
compact highlight representations while reducing errors caused by premature frame removal.

Second, prioritizing goal-aligned evidence can narrow contextual coverage, and the current decoder does not
explicitly reject off-task activity or execution errors. Incidental actions, visually similar distractors, or restarted
steps may therefore be assigned to the closest target step, while contextual details that later become relevant
may be omitted. Future work should investigate explicit rejection mechanisms, error-aware procedural modeling,
and multi-granularity representations that preserve both goal-focused evidence and broader situational context.
Future work could also improve robustness to inaccurate recollections through uncertainty-aware temporal
priors or explicit temporal-cue correction. Third, the current framework relies on visual input, although audio
provides complementary evidence in egocentric recordings. Speech, activity sounds, and ambient events can
help infer the wearer’s goal, disambiguate visually similar actions, and signal relevant events that occur outside
the camera’s field of view or under occlusion. Future work should integrate synchronized audio. Audio-visual
memory representations could therefore improve the coverage of relevant events and support more reliable
downstream reasoning, while requiring robust treatment of environmental noise.

Finally, the downstream evaluation measures factual and procedural utility through question answering, but
does not capture the experiential or affective qualities of memory. A summary may preserve what occurred
while omitting cues related to frustration, satisfaction, or social interaction. These cues may be important in
applications centered on reminiscence, reflection, and well-being. Future work should therefore investigate
multimodal summarization methods that preserve not only task-relevant information, but also broader affective
and social context. Together, these limitations define a broader research agenda that moves beyond efficient
video compression toward adaptive, context-sensitive wearable memory systems. By consolidating continuous
recordings into compact, retrievable memories, wearable personal Al systems could ground their assistance in
the wearer’s lived experience, support everyday recall and task resumption, and help people with memory loss.

8 CONCLUSION

This work presents a training-free framework for goal-oriented highlight extraction from long-form egocentric
video. Given an ordered natural-language description of the user’s goal-steps, the method combines open-
vocabulary vision-language alignment, adaptive candidate filtering, and global sequence optimization to identify
a compact set of frames that preserves procedural evidence. This formulation moves beyond generic saliency
and independent frame retrieval by treating the user’s goal as the organizing structure of the visual stream. The
evaluation of GOHi on Ego4D Goal-Step shows that structured, goal-conditioned selection provides stronger
procedural coverage and frame-level alignment than content-agnostic sampling, generic visual summarization,
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independent vision-language retrieval, and multimodal semantic scoring. Under the evaluation protocol used
by recent training-free video step grounding, the extracted highlights also achieve the strongest reported result
among the compared methods. The component analyses attribute these gains to the combination of strong
semantic representations and sequence-level alignment, while computational profiling shows that the structured
optimization adds negligible runtime and memory overhead relative to vision-language inference.

The downstream question-answering evaluation further suggests that goal-oriented highlights can reduce
the number of frames, token usage, and latency required by a multimodal model while incurring only a modest
decrease in answer quality relative to dense sampling. Taken together, these findings indicate that goal-oriented
highlight extraction offers a promising mechanism for constructing compact, queryable visual memory from
continuous wearable video. More broadly, this work contributes to ongoing efforts to connect long-term perception
with contextual and agentic reasoning. A central challenge for such systems is to retain and retrieve relevant prior
evidence under limited memory and computational budgets. By organizing extended visual streams around user
goals, the proposed framework provides one approach for making past experience more accessible to downstream
retrieval, verification, and reasoning. Such representations may support future Al-glasses and wearable agents in
maintaining useful context across extended interactions while reducing reliance on exhaustive processing of the
original visual stream.
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