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Abstract

Video summarization transforms long videos
into concise representations that are eas-
ier to document and analyze, especially in
high-stakes domains such as surgical train-
ing. However, long-form videos often require
dense frame processing or supervised training
pipelines, which can be computationally expen-
sive and may still miss important procedural
content. We present PRISM: Procedural Rep-
resentation via Integrated Semantic and Multi-
modal Analysis, a zero-shot and training-free
framework for frame-efficient procedural video
summarization. PRISM selects fewer than 5%
of video frames while retaining over 84% se-
mantic content and improving over baselines
by up to 7.5%. Rather than exhaustively pro-
cessing frames, PRISM uses lightweight vi-
sual filtering and dynamically generated pro-
cedural labels as semantic anchors to select
meaningful frame-label groups. This selec-
tive inference design preserves key actions,
transitions, and contextual details while re-
ducing the number of visual inputs passed to
downstream vision-language captioning stages.
We evaluate PRISM on YouCook2 and Ac-
tivityNet Captions, with additional studies on
keyframe selection benchmarks and surgical
video datasets. Across procedural and domain-
specific video tasks, PRISM achieves strong
semantic alignment and accuracy, suggesting
that efficient multimodal video understanding
can be achieved by grounding generation in
dynamically generated semantic anchors.

1 Introduction

Video summarization plays a significant role in
making long-form video content easier to analyze,
especially in domains such as robotics (Zhang et al.,
2021), education (Gonzalez et al., 2023), and sur-
gical training (Yang et al., 2024). However, long-
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form instructional and surgical videos often exceed
40 minutes (Wang et al., 2022; Lin et al., 2025),
making it challenging to process a large number of
frames. Therefore, effective summarization must
reduce visual processing while preserving impor-
tant actions, transitions, and procedural context.

A common approach to video summarization
is keyframe selection, which extracts informative
frames or segments that best represent the content
of a video. In high-stakes domains such as surgi-
cal video summarization, summaries must do more
than shorten the video; they must preserve the order
of actions, procedural intent, and contextually im-
portant details. This creates a central challenge for
long-form procedural summarization, as systems
must be computationally efficient while still retain-
ing the semantic and temporal structure needed for
accurate summaries. 1

Existing methods often emphasize either sum-
mary quality or efficiency alone. Lightweight ap-
proaches based on visual cues, motion, similar-
ity, or clustering reduce redundancy but may miss
fine-grained procedural transitions (Cho and Kang,
2019; Mendi et al., 2013; Sandhu and Agarwal,
2015; Gygli et al., 2014; Song et al., 2015). In
contrast, deep sequence models, adversarial learn-
ing, attention mechanisms, pretrained embeddings,
and vision-language models improve semantic rele-
vance and temporal coherence, but often rely on su-
pervised frame-level scorers, video-level captions,
predefined queries, rule-based selection, or task-
specific training (Rochan et al., 2018; Mahasseni
et al., 2017; Argaw et al., 2024; Radford et al.,
2021; Li et al., 2022; Narasimhan et al., 2021; Zhao
et al., 2024; Tan et al., 2024; Huynh-Lam et al.,
2024). This motivates a summarization framework
that can reduce the number of visual inputs while
preserving procedural meaning without requiring

1Code is available at https://github.com/
Shreyarajpal12/PRISM-code.
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supervised annotations or fixed queries.
In this work, we present PRISM: Procedural

Representation via Integrated Semantic and Mul-
timodal Analysis, a zero-shot and training-free
framework for frame-efficient video summariza-
tion. PRISM is designed to maintain both effi-
ciency and semantic grounding. Rather than rely-
ing on dense frame processing, PRISM first uses
lightweight visual filtering to identify candidate
frames with meaningful transitions. It then dynam-
ically generates procedural labels from the video it-
self, validates them as semantic anchors, and aligns
them with relevant frames using vision-language
similarity. The selected frame-label groups are tem-
porally aggregated and summarized into a coherent
procedural narrative. This allows PRISM to re-
duce redundant visual inputs while preserving key
actions, transitions, and contextual details.

The framework draws inspiration from the be-
havior of light through prisms. The left prism de-
composes raw video into semantically meaningful
elements using frame embeddings and adaptive
sampling. The center filtering stage validates la-
bels and selects matching frames, acting as a lens
that sharpens and aligns relevant content. The right
prism recombines the selected frame-label pairs
into a focused semantic summary using language
models. Like light passing through two prisms
and a filter, PRISM decomposes procedural video
content, filters it through semantic anchors, and re-
assembles it into a coherent, context-rich narrative.

We evaluate PRISM on YouCook2 (Zhou et al.,
2018b) and ActivityNet Captions (Krishna et al.,
2017) for video-level captioning and summariza-
tion. PRISM selects fewer than 5% of video frames
while preserving over 80% of semantic content,
measured using BERTScore. It also improves over
existing baselines on video-level captioning tasks,
measured using METEOR (Lavie and Agarwal,
2007). We further study PRISM in medical video
summarization, where reducing visual processing
while preserving procedural structure is especially
important. We also do an additional keyframe se-
lection study on TVSum (Song et al., 2015) and
SumMe (Gygli et al., 2014) and report results in
Appendix F.

Our contributions are:

• We introduce PRISM, a zero-shot and training-
free framework for frame-efficient procedural
video summarization that does not rely on su-
pervised frame-level labels, fixed user queries,

or dataset-provided annotations during infer-
ence.

• We propose a label-guided selective inference
pipeline that combines lightweight visual fil-
tering with dynamically generated procedural
labels. These labels serve as semantic anchors
for selecting meaningful frame-label groups,
reducing dense visual processing while pre-
serving procedural structure.

• We show that dynamically generated labels
improve the grounding of vision-language
summarization by guiding frame selection
through vision encoder similarity, enabling
summaries to be constructed from semanti-
cally selected evidence rather than densely
processed frames.

• We evaluate PRISM across instructional, activ-
ity, keyframe selection, and surgical video set-
tings. Results show that PRISM selects fewer
than 5% of frames while maintaining strong
semantic alignment and precision, demonstrat-
ing efficient multimodal video understanding
without supervised training or task-specific
fine-tuning.

2 Related Works

Video summarization transforms long-form videos
into compact representations, including static
keyframes (Junyent et al., 2015), dynamic skim
videos (Alam et al., 2020), and textual sum-
maries. Early methods estimated keyframe im-
portance using visual or statistical cues such as
color-histogram clustering (de Avila et al., 2008),
motion and optical-flow activity (Mendi et al.,
2013; Wolf, 1996), and entropy-based selection
(Li et al., 2020). Later approaches formulated sum-
marization as visual-importance prediction through
LSTM-based frame scorers (Zhang et al., 2016),
adversarial and reinforcement-learning frameworks
(Mahasseni et al., 2017; Zhou et al., 2018a), and
attention-based models such as VASNet and CSTA
for temporal or spatio-temporal modeling (Fajtl
et al., 2019; Son et al., 2024). These methods
improve frame selection, but many treat summa-
rization primarily as a visual importance scoring
problem and depend on human annotations.

Recent methods incorporate language, audio,
captions, and vision-language models to improve
semantic relevance and narrative flow. Query-
focused and personalized methods align summaries
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Figure 1: PRISM pipeline: the input video is semantically decomposed, filtered, and recombined into a coherent
summary.

with user queries or preferences (Sharghi et al.,
2017; Zhang et al., 2018; Alaa et al., 2024; Gu-
nawardena et al., 2019). Caption-based methods
use language as a semantic bridge, FrameRank
ranks captioned frames (Lei et al., 2019), CLIP-
It aligns frames to video-level dense captions us-
ing CLIP (Radford et al., 2021; Narasimhan et al.,
2021), Cap2Sum uses dense captions as supervi-
sion (Zhao et al., 2024), and LMSKE applies shot
segmentation and CLIP-feature clustering for se-
quential keyframe extraction (Tan et al., 2024).
LLMVS uniformly samples frames, captions them
with a multimodal LLM, and trains an LLM-based
visual importance scorer using human annotations
(Lee et al., 2025), while ZeroTA performs dense
video captioning in a zero-shot setting by optimiz-
ing text and moment representations at inference
time (Jo et al., 2023). Although these methods im-
prove semantic grounding, many rely on external
queries, global or dense captions, user preferences,
human annotations, or supervised training. In con-
trast, PRISM is training-free, reduces the candi-
date frame set before VLM captioning, and uses
dynamically generated procedural labels as seman-
tic anchors rather than ranking uniformly sampled
frames.

Beyond summarization accuracy, efficiency and
computational sustainability remain central chal-
lenges in long-form video understanding. Recent
efficient video-language methods reduce visual
processing through query-conditioned frame se-
lection, token compression, or saliency-aware re-
trieval. Multimodal large language model-based
frame selection and Frame-Voyager select frames

conditioned on a question or task query (Yu et al.,
2025); PruneVid and DyCoke reduce redundant vi-
sual tokens or KV-cache computation inside video-
language models (Huang et al., 2024; Tao et al.,
2025); and Sali4Vid improves dense video cap-
tioning through saliency-aware frame reweighting
derived from timestamp annotations and semantic-
segment-based caption retrieval(Jeon et al., 2025).
These approaches demonstrate the value of efficient
visual processing, but they either require an exter-
nal task signal, reduce computation after visual in-
puts have entered the model, or rely on annotation-
derived supervision.

PRISM combines frame-level efficiency with
bottom-up semantic grounding. It requires no ex-
ternal query, user profile, global caption, dense cap-
tion supervision, human annotations, event times-
tamp, or dataset-provided annotation. Instead,
PRISM generates procedural labels from sampled
frames, validates them against the video’s own con-
text, and uses them as semantic anchors for select-
ing frame-label pairs through vision-language sim-
ilarity. Because this selection occurs before down-
stream summarization, PRISM reduces the number
of visual inputs passed to downstream VLM stages
to fewer than 5% of the original frames.

3 Method

Our proposed framework, PRISM, is a multi-
stage pipeline that enables efficient and context-
aware keyframe selection, followed by semanti-
cally grounded video summarization. This pipeline
is designed to ensure that the summary covers key
visuals, preserves contextual meaning and procedu-



ral order, and remains efficient across domains.

3.1 Dataset and Experimentation

Our pipeline targets video summarization, with
a focus on video-level dense captioning. We
use YouCook2 (Zhou et al., 2018b), a dataset of
over 2,000 untrimmed instructional cooking videos
spanning 89 recipes, each annotated with temporal
segments and stepwise imperative captions. We
also use the ActivityNet Captions (Krishna et al.,
2017) dataset, which contains temporally local-
ized, natural language descriptions for untrimmed
videos, making it a benchmark for dense video cap-
tioning and summarization tasks. We evaluate sum-
marization performance using BLEU, ROUGE-L,
METEOR, and BERTScore (Papineni et al., 2002;
Lin, 2004; Zhang et al., 2020; Lavie and Agarwal,
2007) with a focus on capturing semantic align-
ment, procedural coherence, and linguistic quality.
Lastly, we briefly discuss the system’s application
in the medical domain.

3.2 Stage 1: Frame Embedding & Adaptive
Sampling

We first convert the raw video into a manageable set
of candidate frames. Frames are sampled at a fixed
rate (e.g., 1 fps) and passed through ResNet-18 to
extract 512-dimensional embeddings fi ∈ R512

that capture high-level spatial features (He et al.,
2015). Next, we detect statistically significant vi-
sual transitions via the Pruned Exact Linear Time
(PELT) algorithm (Killick et al., 2012). PELT iden-
tifies a set of change indices {tk} such that em-
bedding differences before and after each tk ex-
ceed a model-cost penalty, yielding an initial subset
FPELT ⊂ {fi}.

To further adapt sampling density to visual vari-
ability, we partition the video into segments be-
tween change points and compute, for each seg-
ment s (here, we set s=10), the median Euclidean
distance meds among its frame embeddings, and
δ is the median feature-difference threshold. Seg-
ments with meds < δ retain one representative
frame; those with meds ≥ δ retain two. In our
video experiments, we set δ = 0.30. The result-
ing visually filtered and adaptively sampled frames
form Selected Frames Set 1, which is passed to
the semantic anchoring stage as shown in Figure 2.
The nuances of different hyperparameter settings
are discussed in the Appendix.

3.3 Stage 2: Label Generation and Semantic
Anchoring

Following adaptive frame sampling, the induced
frame set F = {fi}ni=1 is processed to generate
semantic anchors that represent high-level proce-
dural steps. This stage involves three subprocesses:
caption generation, semantic label validation, and
label to frame association.

We begin by feeding each sampled frame fi into
a vision-language model. Depending on the do-
main and setup, models such as Gemma3 (Team
et al., 2025), LLaMA 3.2 Vision (Grattafiori et al.,
2024), MiniCPM (Yao et al., 2024), or GPT4 (Ope-
nAI et al., 2024) are employed to generate per-
frame captions that describe the localized con-
tent. These captions are generalized into anchor
labels. For example, the caption "The person in
a white apron and clear gloves is carefully sprin-
kling a large amount of shredded cabbage into a
large stainless steel bowl..." is mapped to the label
"Sprinkling shredded cabbage for kimchi", which
may span multiple frames.

To ensure label quality, we introduce a label vali-
dation step using an LLM (in this case GPT-4). The
model filters out labels that are overly vague (e.g.,
“Cooking instructions being given“) or contextually
insignificant (e.g., “cleaning utensils“ is insignif-
icant to the recipe) and retains only those labels
that represent discrete procedural events. Stage 2
and Stage 3 can reduce noisy or hallucinated la-
bels by checking whether they are coherent with
the broader procedural context and visually aligned
with selected frames. For example, in a recipe
about ground beef, a hallucinated label referring to
chicken may be removed if it is inconsistent with
the remaining generated labels or weakly aligned
with the visual evidence. Such frames are discarded
whenever possible, as they do not align with the pro-
cedural context. This step also eliminates visually
insignificant frames that may be missed by ResNet-
based analysis, such as black screens, frames domi-
nated by light flicker or glare, and transition frames
without identifiable objects, which do not produce
meaningful captions. As illustrated in Figure 2, this
process filters the initial selected frames and labels
into high-confidence frame-label pairs, which form
Selected Frames Set 2 for downstream summariza-
tion.

The Venn diagram in Figure 3 shows frame-label
pairs at a similarity threshold of 0.9, highlighting
only high-confidence matches (e.g., "Deep frying
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dough" at 0.93) for summarization. Frames and
labels outside this intersection are excluded from
the summary due to weak or irrelevant alignment.
Next, we perform label to frame association using
vision encoders such as CLIP by (Radford et al.,
2021), BLIP by (Li et al., 2022), or BioMedCLIP
by (Zhang et al., 2025). Each label ℓj and frame
fi is embedded into a shared space, and cosine
similarity is computed:

S(fj , ℓi) =
⟨E(fj), E(ℓi)⟩

∥E(fj)∥ · ∥E(ℓi)∥

• F = {f1, f2, . . . , fN}: sampled frames

• L = {ℓ1, ℓ2, . . . , ℓM}: validated semantic la-

bels

• sim(fi, ℓj): cosine similarity between fi and
ℓj

• τ : similarity threshold (set to 0.9)

We assign labels to frames using:

A(fi) = { ℓ∗i , if max
ℓ∈L

sim(fi, ℓ) ≥ τ, ∅, otherwise,
(1)

Here, ℓ∗j denotes the best-matching semantic label.
Frames with no label exceeding the threshold τ
are discarded. This ensures semantic precision and
relevance.

Notably, a frame may match multiple labels (e.g.,
0.98 for ℓa and 0.95 for ℓb), reflecting overlapping
steps in procedures. These frames are retained and
prioritized during summarization.

3.4 Stage 3: Temporal Aggregation and
Summary Construction

We now organize the selected frames into tempo-
rally ordered groups of four, forming windows:

Wi = {f∗
i¯1, f

∗
i , f

∗
i+1, f

∗
i+2}

Here, f∗
i denotes the filtered frame obtained af-

ter Stage 2. Each window is passed into a vision-
language summarizer (e.g., GPT4V, Gemini Vision,
MiniCPM-V) to generate localized summaries.



Each 4-frame group is assigned a main label based
on frame-wise captions. If all labels differ, the
main label combines all four. If two labels occur
twice (2:2), both are used. Otherwise, the majority
label is assigned (e.g., 3:1).

These summaries are then stitched together using
a large language model (e.g., GPT-4, LLaMA 3.1)
following a layered, tree-like approach. Summaries
are grouped based on the model’s maximum con-
text size and processed at the leaf level. The result-
ing outputs are recursively merged at higher levels,
enabling the generation of a final, cohesive sum-
mary that integrates information from all segments
in a structured manner. This step isolates frames
and reduces hallucinations or inconsistencies by
anchoring each part within the broader narrative.

Figure 2 represents the overview of our three-
stage video summarization framework. Stage 1 ex-
tracts frame embeddings using ResNet-18 by (He
et al., 2015; S Harakannanavar et al., 2022), with
adaptive sampling based on thresholded feature
difference and PELT segmentation. Stage 2 gener-
ates semantic labels using a vision-language model
(e.g., Gemma3), followed by label-to-frame simi-
larity scoring using a vision encoder. Only frames
with cosine similarity exceeding a threshold (e.g.,
0.9) are retained.

Stage 3 combines temporally adjacent filtered
frames into groups of four to retain local visual con-
text and generate a summary caption for each group.
This helps in progressively constructing the final
output narrative. Since the frames have already
been filtered and matched with labels, each group
contains representative moments rather than con-
secutive frames. We use four frames as a practical
window size, since smaller groups may split a sin-
gle procedural action, while larger groups may mix
different steps and increase inference cost. This
multi-stage process yields a coherent, semantically
grounded video summary suitable for high-stakes
domains like surgery, technical instruction, or train-
ing.

4 Results

We evaluate our method, PRISM, across dense
video captioning tasks, benchmarking it against
prior video summarization models using standard
datasets and evaluation metrics. The results are
reported using the MiniCPM-V model. Scores are
scaled to 0–100 for all metrics.

4.1 Video Level Summarization

We first evaluate summarization quality on the
YouCook2 dataset and the ActivityNet Captions
dataset. Table 1 compares PRISM against multi-
modal and vision-only baselines using ROUGE-L,
METEOR, and BERTScore. While existing works
like UniVL and COOT (Ko et al., 2023) (Ging
et al., 2020) focus on leveraging paired video-text
pretraining, PRISM achieves strong semantic align-
ment, particularly outperforming all models on ME-
TEOR Score. These results highlight the strength
of our summarization approach even with signifi-
cantly fewer processed frames.

The evaluation uses a mix of traditional and
semantic-based metrics. While BLEU and ROUGE
are commonly used in video summarization, they
fall short for our approach, which prioritizes gen-
erating long, detailed summaries over short, high-
level captions as given in the dataset. For instance,
the sentence “A young woman is seen standing in
a room and leads into her dancing” is the ground-
truth caption for a video segment in ActivityNet
Captions. In contrast, our generated summary cap-
tures more detailed dance movements: “The video
begins with a ballet dancer’s movement in the en
croisé position, emphasizing the precision, bal-
ance, and control required to execute the transi-
tion smoothly.” BLEU and ROUGE mainly reward
surface overlap through n-grams and longest com-
mon subsequences, so they can underrepresent se-
mantically accurate but more detailed summaries.
We therefore emphasize METEOR as the primary
metric for comparison. V and V+T in Table 1 re-
fer to PRISM’s vision-only and vision+text modal-
ities, respectively, where text denotes the audio
transcript. PRISM improves over the YouCook2
baseline by 7.5% in METEOR, as shown in Table 1.
Table 2 compares state-of-the-art models on the Ac-
tivityNet Captions validation set. PRISM achieves
the highest METEOR score of 20.04, surpassing
the strongest baseline by 3.68% relatively.

4.2 Key frame selection

To capture deeper semantic alignment, we also
adopt LLM-based evaluation in ablation studies
and case studies, where a language model serves as
a judge to assess summary quality based on factual
accuracy, detail, specificity, completeness and rep-
etition. Each of these aspects is scored on a scale
from 1 to 5. We then compute a weighted average,
applying double weight to factual accuracy, and



Model Modality ROUGE-L METEOR BERT

ZeroTA (Jo et al., 2023) V – 2.10 –
Streaming GIT (Zhou et al., 2024) V – 3.60 –
PDVC (CLIP) (Wang et al., 2021; Yang et al., 2023) V – 5.70 –
CM2 (Kim et al., 2024a) V – 6.08 –
E2DVC (Wu et al., 2025) V – 6.11 –
CACMI (Jia et al., 2025) V – 6.21 –
PR-DETR (Li et al., 2025) V+T – 6.48 –
Streaming Vid2Seq (Zhou et al., 2024) V – 7.10 –
Vid2Seq (Yang et al., 2023) V – 9.30 –
VideoBERT (Sun et al., 2019b) V 27.14 10.81 –
EMT (Zhou et al., 2018c) V 27.44 11.55 –
HiCM2 (Kim et al., 2024b) V – 12.80 –
CBT (Sun et al., 2019a) V 30.44 12.97 –
ActBERT (Zhu and Yang, 2020) V 30.56 13.30 –
Sali4Vid (Jeon et al., 2025) V – 13.54 –
MCCL (Xie et al., 2024) V – 14.69 –
UniVL (Luo et al., 2020) V 40.09 17.57 –
AT+Video (Hessel et al., 2019) V+T 36.65 17.77 –
DPC (Shi et al., 2019) V+T – 18.08 –
UniVL + MELTR (Ko et al., 2023) V 41.28 18.19 –
COOT (Ging et al., 2020) V 37.94 19.85 –
UniVL (Luo et al., 2020) V+T 46.52 22.35 –
UniVL + MELTR (Ko et al., 2023) V+T 47.04 22.56 –

PRISM (Ours) V 16.49 23.66 82.78
PRISM (Ours) V+T 23.58 30.08 84.34

Table 1: Performance comparison on YouCook2 using ROUGE-L, METEOR, and BERTScore.

Model BLEU-4 METEOR

ZeroTA (Jo et al., 2023) – 2.7
Vid2Seq (Yang et al., 2023) – 8.50
CM2 (Kim et al., 2024a) 2.38 8.55
E2DVC (Wu et al., 2025) 2.43 8.57
PR-DETR (Li et al., 2025) 2.58 8.72
TSP (Alwassel et al., 2021) 2.02 8.75
Streaming GIT (Zhou et al., 2024) – 9.00
Streaming Vid2Seq (Zhou et al., 2024) – 10.00
GVL (Wang et al., 2023) 1.11 10.03
BMT (Iashin and Rahtu, 2020) 1.99 10.90
PDVC (TSN) (Wang et al., 2021) 3.07 11.27
iPerceive (Chadha et al., 2020) 2.98 12.27
MCCL (Xie et al., 2024) 3.89 12.52
ADV-INF + Global (Kanani et al., 2021) 9.45 16.36

PRISM (Ours) 1.02 20.04

Table 2: Performance comparison on ActivityNet Captions using BLEU-4 and METEOR.

normalize the result to a score between 0 and 1.
This forms our normalized LLM Judge Score.

4.3 Case study: Medical Datasets Video
Summarization

We explore the applicability of our summarization
pipeline in medical settings through a case study
on two surgical datasets: Cholec80 and PIT-VIS.
Our pipeline uses MiniCPM to generate summaries,
which are then evaluated using BERTScore, Sem-
nCG, and LLM as a judge for phase level coverage
(Akter and Karmaker, 2024).

To assess procedural completeness, we extracted
7 standard surgical phases in Cholec80 and 12 anno-
tated phases in PIT-VIS (excluding pre/post phases
with insufficient volume) and checked their pres-
ence within the generated summaries using a large

Dataset Model BERT Sem-nCG Phase Cov.

Cholec80
LLaMA 3.2-Vision 87.04 76.67 79.01
Gemma 3 87.33 77.08 77.91
MiniCPM 86.93 81.11 80.83

PIT-VIS
LLaMA 3.2-Vision 85.05 100.00 74.36
Gemma 3 84.68 100.00 79.13
MiniCPM 84.75 97.22 81.95

Table 3: Medical case study results on Cholec80 and
PIT-VIS. MiniCPM achieves strong semantic and pro-
cedural summarization scores and is used as part of the
pipeline. Phase coverage is computed using LLM-based
matching.

language model. On average, MiniCPM captured
5.6/7 phases in Cholec80 and 9.24/12 in PIT-VIS,
indicating strong phase-level alignment without di-
rect supervision.



Data Setting BLEU R-L BERT MET Judge Frm Time Tok

YC

Video-Only 1.82 18.40 82.41 19.83 38.64 22.25 71.78 3,560
No Stage 2 3.00 28.11 84.12 31.83 79.26 60.07 73.09 9,613
No Stage 1 2.80 29.87 84.59 32.66 78.49 22.23 236.46 3,557
No Proc. 2.70 28.03 84.13 31.83 80.82 322.91 1625.40 206,662

AN

Video-Only 0.97 9.04 80.98 17.29 37.54 18.39 40.37 2,942
No Stage 2 0.99 8.77 81.19 17.59 43.33 20.04 28.52 3,206
No Stage 1 0.97 8.68 81.29 17.47 43.57 17.39 88.69 2,782
No Proc. 0.91 7.87 80.56 16.09 43.75 111.88 130.06 71,603

Table 4: Ablation results on YouCook2 (YC) and Activ-
ityNet Captions (AN) across pipeline settings. BLEU,
R-L (ROUGE-L), BERT (BERTScore), MET (ME-
TEOR), and Judge (LLM-Judge) are quality metrics
scaled to 0–100. Frm: selected frames per video after
Stage 2 filtering. Time: average end-to-end inference
time per video in seconds. Tok: estimated visual tokens
reaching the final summarization VLM, computed as
(Frm / 4 grouping) using MiniCPM-V’s average token
cost across videos. Stage 2 incurs additional VLM cap-
tioning cost on the candidate frame set, not reported
here.

This experiment was conducted to investigate the
feasibility of training-free textual summarization
pipelines that could combine multiple surgical sub-
tasks e.g., frame-level labeling, phase annotation,
and summary generation, into a unified algorithm.
While we do not position these results as clinically
validated, they point to a promising direction for
automated surgical video understanding. We in-
vite future research and clinical collaborations to
rigorously evaluate and refine such pipelines for
real-world deployment.

5 Ablation Studies

We ablate PRISM on 25% of YouCook2 and Activ-
ityNet Captions, focusing on summary generation.
To clarify the role of each component, we explic-
itly define the ablation settings. Video-Only uses
PRISM without transcript fusion and relies only
on selected visual frames. No Stage 2 removes
label generation and label-to-frame semantic an-
choring, so summaries are generated from visually
filtered frames selected by Stage 1. No Stage 1
removes ResNet- and PELT-based visual filtering
and instead relies on semantic label-guided frame
selection from all sampled frames (at 1 fps). No
Processing skips the frame-reduction pipeline and
passes all frames directly to the summarization
stage. Together, these settings isolate the effects
of visual filtering, semantic anchoring, transcript
fusion, and dense-frame processing on both sum-
mary quality and computational cost. All ablations
use a Stage-2 label-confidence threshold of 0.9, a
Stage-1 ResNet frame-difference threshold of 30,

and an adaptive sampling batch size of 10. Results
are reported in Table 4, with all quality metrics
scaled to 0–100. The time column reports the aver-
age end-to-end inference time per video, while the
Tok column estimates the number of visual tokens
passed to the final-stage summarization VLM. Full
settings appear in Appendix A, and hyperparameter
analyses appear in Appendix F.

Accuracy. The full PRISM pipeline (No Stage 2
setting, with final-stage grouping) matches or ex-
ceeds No Processing across all quality metrics on
both datasets. On YouCook2, No Stage 2 achieves
METEOR 31.83 and BERTScore 84.12, compa-
rable to No Processing’s 31.83 and 84.13 despite
using a fraction of the frames. On ActivityNet, No
Stage 2 achieves METEOR 17.59 and BERTScore
81.19, exceeding No Processing’s 16.09 and 80.56.
We further find that Stage 1 alone is insufficient:
since it relies only on motion cues, No Stage 1 out-
performs No Stage 2 on ROUGE-L, BERTScore,
and METEOR for YouCook2, indicating that se-
mantic label-guided selection contributes more to
summary quality than motion-based filtering alone.
The Video-Only modality outperforms many super-
vised baselines in Table 1 while using the fewest
visual tokens, showing that label-guided selection
retains semantic quality even under aggressive
frame reduction. Its LLM-Judge score is lower
on YouCook2 because the evaluator favors factual
accuracy and complete step reconstruction, and
many cooking actions and ingredient details are
conveyed primarily in speech rather than visuals;
adding transcripts (V+T) recovers this gap.

Efficiency. On YouCook2, the full pipeline re-
duces end-to-end inference time per video by
22.2× compared to No Processing (1,625.40s to
73.09s) and selected frames by 81% (322.91 to
60.07). Because the final stage groups frames into
windows of four before summarization, visual to-
kens reaching the final-stage VLM drop from ap-
proximately 207,000 to 9,600 per video, which is a
95.4% reduction. Removing Stage 1 retains quality
but inflates inference time substantially (236.46s vs.
73.09s), confirming that adaptive sampling drives
the efficiency while semantic label validation in
Stage 2 provides the summary quality grounding.

On ActivityNet Captions, the full pipeline re-
duces inference time by 4.6× (130.06s to 28.52s)
and final-stage visual tokens from ∼72,000 to
∼3,200 per video, a 95.5% reduction. Activi-
tyNet contains short, motion-dense clips where mo-
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Ablation Study: Quality and Cost Metrics Across Settings
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Figure 4: Ablation results on YouCook2 (left) and Ac-
tivityNet (right). Solid lines: quality metrics on the
left y-axis (0–100). Dashed lines: cost metrics (frames,
time, final-stage visual tokens) on the right y-axis (log
scale). Quality stays stable across settings while cost
rises by orders of magnitude when frame selection is
removed.

tion patterns allow motion-based filtering alone
to capture most meaningful events; the Video-
Only modality also performs strongly here, us-
ing 95.9% fewer frames and 69% less inference
time, since visual information is informative when
transcripts are sparse. This demonstrates that
PRISM adapts to different video characteristics: on
motion-driven datasets, motion-based filtering cap-
tures most events, while on procedurally complex
datasets like YouCook2, the label-guided pathway
and transcript fusion become essential.

Figure 4 visualizes this quality–cost trade-off
across both datasets. Quality remains stable across
the three label-guided settings; on YouCook2, ME-
TEOR varies by less than 1% (31.83 to 32.66) and
BERTScore by 0.5% across No Stage 2, No Stage
1, and No Processing, despite the two-order-of-
magnitude difference in cost. Cost rises sharply
when frame selection is removed, with final-stage
visual tokens climbing from ∼103 to over ∼105

on YouCook2 under No Processing. The contrast
between summary quality and exponentially rising
cost illustrates PRISM’s central trade-off: good
frame reduction preserves summary quality, while
the absence of frame reduction inflates compute
cost. Final-stage grouping into windows of four is
applied to all settings except No Processing.

6 Conclusion

We introduced PRISM, a training-free framework
for frame-efficient procedural video summariza-
tion. PRISM combines lightweight visual filter-
ing with dynamically generated procedural labels
that act as semantic anchors for selecting infor-
mative frame-label pairs. Across our experiments,

PRISM reduces visual inputs to fewer than 5% of
the original frames and lowers inference time by
over 95%, while preserving strong semantic con-
tent with BERTScore above 80% and improving
METEOR by up to 7.5% over YouCook2 base-
lines. By moving frame reduction upstream of
expensive VLM and language-model summariza-
tion stages, PRISM shows that efficient procedural
video summarization can be achieved without su-
pervised training, dataset annotations, or internal
token compression. Future work will explore hu-
man evaluation of generated summaries and exten-
sions to surgical report generation.

7 Limitations

PRISM uses vision-language captioning and vision-
encoder filtering, but consistency errors can still
occur. In visually ambiguous settings, models may
generate plausible but incorrect labels, such as mis-
taking ground beef for chicken, which can lead to a
coherent but factually wrong summary. Dual-stage
filtering reduces vague, redundant, and hallucinated
outputs, but failures may remain in fine-grained
or high-stakes domains. Domain-specific or fine-
tuned VLMs could help mitigate these errors.
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Appendix

A. Experimental Settings
All experiments were conducted on NVIDIA A100
GPUs (40GB HBM2 memory per GPU). The soft-
ware stack consisted of Python 3.10, PyTorch 2.1,
and CUDA 11.8. Inference of vision and language
models was performed using the Ollama library and
OpenAI GPT-4 API, with a temperature set to 0.0
for deterministic outputs where applicable. Data
preprocessing and frame extraction used OpenCV,
with all videos sampled at 1 frame per second (fps)
for efficiency. ResNet18 was used with torchvi-
sion’s pre-trained models.

B. Dataset Statistics
Table 5 presents key statistics for YouCook2 and
ActivityNet Captions datasets, including the num-
ber of videos and average video duration. These
statistics provide essential context for the scale and
diversity of each dataset, helping to interpret exper-
imental results and facilitate reproducibility. All ab-
lation studies and sensitivity analyses in this work
were performed exclusively on the validation sets,
as test labels are not publicly available.

Dataset #Videos Avg Length

YouCook2 414 5.26
ActivityNet Captions 4917 2

Table 5: Summary statistics for the official dataset. Avg
Length denotes average time duration of the videos in
minutes. Videos denotes number of videos.

For all experiments, videos were sampled at 1
frame per second (fps) to ensure a balance between
comprehensive temporal coverage and manageable
computational resource usage. The combination of
YouCook2 and ActivityNet Captions enables us to
comprehensively evaluate our pipeline’s effective-
ness in diverse real-world scenarios. YouCook2
consists of long-form cooking videos, where each
video follows a detailed procedural sequence to
fulfill a recipe. ActivityNet Captions encompasses
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Figure 5: Predicted and ground-truth video captions
with scores for a sample video from the ActivityNet
Captions dataset.

a wide variety of activities, ranging from sports
and hobbies to daily routines represented by much
shorter video segments. This diversity allows us
to demonstrate our pipeline’s ability to deliver ro-
bust content coverage and summarization qual-
ity across both long, structured instructional con-
tent and shorter, more varied event-driven videos,
while operating under practical computational con-
straints.

C. Evaluating Video Captioning Performance
All scores here are scaled to 0-100. Figure 5 repre-
sents the PRISM-generated caption vs. ground
truth on a sample video from ActivityNet Cap-
tions dataset; the predicted captions capture the
instructional flow of the video, aligning well with
the ground truth across segments. Despite minor
lexical variations, high BERTScore and consistent
LLM Judge scores indicate strong semantic over-
lap and overall quality. The model demonstrates
a robust ability to generate coherent, contextually
appropriate summaries.

Figure 6 shows the PRISM-generated caption vs.
ground truth on a sample video from YouCook2
dataset. The predicted captions closely align with
the ground truth, especially in capturing sequen-
tial steps, as reflected in the high BERTScore and
LLM Judge values. This highlights the system’s
effectiveness in both procedural understanding and

Figure 6: Predicted and ground-truth video captions
with scores for a sample video from the YouCook2
dataset.

summarization of activities or tasks with shorter
durations.

D. Implementation Details

For each dataset, videos were downloaded and
processed according to the original dataset splits.
Frames were extracted at 1 fps, then the frame fea-
ture difference threshold was set to 30 unless oth-
erwise noted. Label assignment was conducted us-
ing the specified VLM (Gemma3, MiniCPM, GPT-
4V), followed by GPT-4-based semantic filtering
with temperature 0 for deterministic output. La-
bel–frame pairs required cosine similarity ≥ 0.9
with a vision encoder (e.g., CLIP) to be accepted.
Sliding window-based summaries were generated
and aggregated using LLMs as described in the
main paper. No manual annotation or fine-tuning
was performed.

E. Keyframe Selection

Our pipeline targets video summarization with a
focus on keyframe selection guided by semantic
and temporal alignment. We evaluate this using the
TVSum and SumMe datasets. TVSum consists of
50 user annotated videos across various categories
with frame-level importance scores (Song et al.,
2015), while SumMe contains 25 user-generated
summaries for videos from various scenes of daily
life (Gygli et al., 2014). Following the evalua-
tion in the CSTA framework(Son et al., 2024), we
align with their observation that traditional met-
rics like F1 score may not adequately capture the
alignment between predicted and human-generated
summaries, especially when ground truth annota-
tions vary across users. Instead, we also adopt



Kendall’s τ and Spearman’s ρ to assess ranking
correlation between predicted and ground truth im-
portance scores. Table 6 presents a comprehensive
comparison of the TVSum and SumMe datasets.
These datasets contain short videos with diverse
content and frame level human annotations. Our
method, PRISM, ranks competitively among re-
cent state-of-the-art models, particularly achieving
τ = 0.1406 and ρ = 0.18 on TVSum, while reach-
ing τ = 0.1617 and ρ = 0.2212 on SumMe. We
attribute this to our algorithm’s ability to identify
semantically rich anchors and perform label-aware
clustering. For the TVSum and SumMe experi-
ments, we compute frame importance scores using
a layered approach. First, we normalize ResNet
feature differences. Then, during adaptive sam-
pling, we re-normalize within frame groups. We
also add CLIP-based vision encoder scores. At
the grouping stage, we assign weights based on
label distribution across four frames. If all labels
are the same (1:1:1:1), each frame gets 0.25. For
3:1, the majority gets 0.75, the minority 0.25. In
a 2:2 split, all receive 0.5. In 2:1:1, the majority
gets 0.5, and others get 0.25. All scores are aver-
aged per frame, and if any frame gets dropped at
a stage, it gets +0 for every stage after that. The
abbreviations in brackets denote the input modali-
ties used by each method: (T) indicates temporal
features, (S) spatial features, and (M) multimodal
inputs (e.g., vision-language or audio-visual). (ST)
refers to models that jointly leverage both spatial
and temporal features.

F. Hyperparameter Sensitivity
We conduct hyperparameter sensitivity experi-
ments using a stable configuration of Stage 2 thresh-
old = 0.9, Stage 1 threshold = 30, and adaptive
sampling batch size = 10, unless stated otherwise.
When a specific setting is mentioned (e.g., Stage 2
= 0.5), only that parameter is varied, while the oth-
ers remain fixed. These experiments are performed
on both YouCook2 and ActivityNet Captions. All
evaluation metrics and relevant frame-label statis-
tics are reported to ensure transparency and repro-
ducibility. All scores are scaled to 0-100.

We chose these defaults as a representative base-
line, as a lower Stage 2 threshold like 0.5 might
intuitively select more frames; in our setup the num-
ber of high-scoring frames remains stable due to
the nature of the datasets and label distributions. In
longer videos (e.g., 40 minutes or more) or high-
stakes domains (e.g., surgical videos), strict thresh-

olds (e.g., 0.9 in stage 2) would likely filter out
noise or ambiguity in frames, resulting in more
significant differences.

For Stage 1, in the ResNet frame feature dif-
ference threshold, we compare thresholds of 10
vs. 30 vs. 50, where a lower value retains more
candidate frames, and a higher value aims to signif-
icantly reduce redundancy. While experimenting
with ResNet variants (ResNet-18, ResNet-50, etc.),
we observed that deeper networks like ResNet-50
result in fewer frames passing Stage 1, reducing
diversity in Stage 1 itself. Hence, we prioritize
maintaining a diverse and sufficient sample for
Stage 2 and downstream processing, settling on
ResNet-18 as a practical trade-off. We also explore
adaptive sampling batch sizes (10 vs. 15), where
smaller sizes tend to generate more label diversity,
and larger sizes produce more conservative label
sets.

Note: Stage 2 refers to the vision encoder similarity
threshold , Stage 1 is the ResNet frame feature
difference threshold, and adaptive indicates the
batch size for adaptive sampling.

These tables provide a comprehensive view of how
key hyperparameters affect both summary quality
metrics and frame/label statistics on the two pri-
mary video summarization datasets in our study.
The hyperparameter sensitivity experiment shows
that summary quality on YouCook2 and Activi-
tyNet Captions remains consistent to changes in
hyperparameters, with little effect on output qual-
ity. It should also be noted that in long-form videos
(e.g., 40 minutes or more) with a higher visual
similarity (e.g., colour consistency, less movement,
etc.) amongst frames, small hyperparameter ad-
justments can result in significantly fewer or more
selected frames. This highlights that while activ-
ities or instructional domains allow flexible tun-
ing, careful hyperparameter selection is crucial for
datasets with visually similar frames, especially in
high-stakes domains.

G. Prompts used in the pipeline

Throughout this code pipeline, we use prompts at
multiple stages: beginning with frame-level visual
descriptions via vision-language models, followed
by label generation using GPT or LLaMA from
those outputs, validation of those labels, detailed
multi-frame image descriptions, and finally recur-
sive and integrated summarization of chunked out-



Method SumMe TVSum

Rank τ ρ Rank τ ρ

Random – 0.000 0.000 – 0.000 0.000
Human – 0.205 0.213 – 0.177 0.204
dppLSTM (Zhang et al., 2016) 15 0.040 0.049 21 0.042 0.055
HSA-RNN (Zhao et al., 2018) 12.5 0.064 0.066 19.5 0.082 0.088
DAN (Liang et al., 2022) – – – 19.5 0.071 0.099
DSNet-AB (Zhu et al., 2021) 14.5 0.051 0.059 15 0.108 0.129
HMT (Zhao et al., 2022) 11.5 0.079 0.080 17.5 0.096 0.107
CLIP-It (Narasimhan et al., 2021) – – – 13.5 0.108 0.147
iPTNet (Jiang and Mu, 2022) 9.5 0.101 0.119 11 0.134 0.163
A2Summ (He et al., 2023) 8 0.108 0.129 10.5 0.137 0.165
VASNet (Fajtl et al., 2019) 7 0.160 0.170 9 0.160 0.170
AAAM (Terbouche et al., 2023) – – – 6.5 0.169 0.223
MAAM (Terbouche et al., 2023) – – – 5.5 0.179 0.236
VSS-Net (Zhang et al., 2023) – – – 3 0.190 0.249
DMASum (Wang et al., 2020) 11 0.063 0.089 1 0.203 0.267
RR-STG (Zhu et al., 2022) 2.5 0.211 0.234 7.5 0.162 0.212
MSVA (Ghauri et al., 2021) 3.5 0.200 0.230 5.5 0.190 0.210
SSPVS (Li et al., 2023) 3∗ 0.192 0.257 4.5 0.181 0.238
GoogleNet (Szegedy et al., 2014) 5 0.176 0.197 11.5 0.129 0.163
CSTA (Son et al., 2024) 1 0.246 0.274 2 0.194 0.255

PRISM 6 0.162 0.221 9.5 0.141 0.180

Table 6: Comparison with prior video summarization methods on SumMe and TVSum using rank, Kendall’s τ , and
Spearman’s ρ. T, M, and ST denote text-based, multimodal, and spatio-temporal methods, respectively.

puts to generate a coherent activity summary. The
dataset description refers to a one-line description
about the videos in the dataset (e.g., YouCook2:
instructional cooking video).

• Frame Description Prompt

Explain what is happening in the
image. This is a frame from a video
of an activity <dataset description>

• Label Generation Prompt

Extract info from: {VLM_output}
Tell me in few words (5–6) by giv-
ing a label for the most important
details that you find from the text
description of the activity happen-
ing in the image.
Don’t make the label vague like
only the heading of the main activ-
ity; tell me exactly what is going on
in the image and only give the label
in simple words.

• Label Validation Prompt

Imagine you are an expert on vali-
dating labels. Given this label: {la-

bel}, do you think it is valid to
check an image in an important
video?
For example, is it not useful (like
a black screen) or too general (like
“this is a surgery video” or “this is a
girl standing”)?
I don’t want labels that are not use-
ful, say nothing about the image, or
are too general.
Based on your judgement, return 0
if you think this is unimportant or
too general; return 1 if you think it
is an important label. Return only a
number, nothing else.

• Combined Frame Description Prompt

Context: This is a combination of
4 images from a video of an activity
spanning <dataset description>
Each small picture represents a step
in the sequence:
The current major label is ’{major-
ity_label}’.
- Top-right: Step 2
- Top-left: Step 1



Setting BERT BLEU METEOR ROUGE Sel. Ext. Filt. Labels
Frames Frames Frames /Video

Stage 2: 0.5 84.87 2.31 31.98 24.53 58.67 325.13 60.51 9.54
Stage 2: 0.7 84.70 2.29 32.61 24.29 58.87 324.87 60.46 9.49
Stage 2: 0.9 85.00 2.42 32.44 24.78 58.90 324.73 60.48 9.53
Stage 1: 10 85.06 2.24 35.33 25.32 59.40 324.73 60.98 9.53
Stage 1: 30 84.91 2.35 33.58 25.04 58.60 324.73 60.48 9.53
Stage 1: 50 84.91 2.27 33.65 25.15 59.22 324.73 60.47 9.52
Adaptive: 10 84.92 2.22 34.55 25.26 59.29 324.73 60.98 9.53
Adaptive: 15 84.77 2.17 33.03 24.97 58.36 324.73 60.98 9.53

Table 7: Hyperparameter sensitivity analysis on YouCook2. We report semantic and lexical metrics, se-
lected/extracted/filtered frames, and labels per video.

Setting BERT BLEU METEOR ROUGE Sel. Ext. Filt. Labels
Frames Frames Frames /Video

Stage 2: 0.5 82.88 0.83 19.03 12.38 17.90 116.28 20.83 3.55
Stage 2: 0.7 83.03 0.86 20.05 12.43 19.16 120.53 21.61 3.68
Stage 2: 0.9 83.23 1.00 19.41 13.00 17.90 116.28 20.83 3.55
Stage 1: 10 83.20 0.89 19.47 12.96 18.36 118.00 21.21 3.59
Stage 1: 30 82.70 0.83 18.65 12.26 19.16 119.95 21.47 3.68
Stage 1: 50 83.22 0.99 19.77 12.71 18.11 119.89 21.05 3.53
Adaptive: 10 83.16 0.86 19.83 12.85 18.53 120.11 21.50 3.68
Adaptive: 15 83.06 0.91 20.38 13.08 18.67 118.00 21.13 3.62

Table 8: Hyperparameter sensitivity analysis on ActivityNet Captions. We report semantic and lexical metrics,
selected/extracted/filtered frames, and labels per video.

- Bottom-right: Step 4
- Bottom-left: Step 3
Provide a detailed description for
each of the 4 images.

• Recursive Summarization Prompt

You are summarizing partial text
from a video of an activity spanning
<dataset description>.
Try to give a name to this activity
(e.g., a lady doing movements
could be dancing). Try to correlate
the different activities to speak for
one main act or theme.
Rewrite the text in a frame-wise,
narrative format with transitions
between steps:

{chunk}

• Final Integration Prompt

We have a final summary of video
frames:

{final_summary_text}

We also have the raw transcript
from the entire audio:

{transcript_text}

Please produce a unified, cohesive
summary of all the steps in the ac-
tivity happening in the video, which
could be related to one of these:
<dataset description>
Incorporate relevant information
from the audio transcript. If the tran-
script provides additional details or
clarifications, weave them into the
final summary.
If the transcript includes extraneous
content, omit it.
Focus on a coherent storyline of the
entire action or activity of the video.



H. Limitations and Error Analysis
Despite the use of dual check mechanisms such as
vision-language model-based captioning + vision
encoder filtering, limitations still exist. One major
challenge is model consistency, particularly with
respect to hallucinations and mislabeling. Both
vision-language and language models can gener-
ate plausible but incorrect outputs when operating
without sufficient context. For instance, in a cook-
ing video, the model may misinterpret ground beef
as chicken based on visual similarity alone. With-
out audio cues or additional metadata, the gener-
ated summary may inaccurately describe the recipe
as involving chicken, leading to a consistent but
factually incorrect narrative. These issues tend
to surface in visually homogeneous or ambiguous
settings, where subtle distinctions are difficult to
detect. While our multimodal encoder-based fil-
tering strategies help mitigate such errors, isolated
failures still occur. In high-stakes domains, this
can be mitigated to an extent using fine-tuned vi-
sion encoders and vision-language models. Ad-
ditionally, the dual-stage validation process intro-
duces increased computational overhead compared
to simpler pipelines. However, this trade-off is
necessary for improved reliability in the generated
summaries.
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