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Abstract. Aligning screenplay scenes to video shots is a foundational
task for narrative video understanding. Unlike subtitles or captions,
screenplays combine dialogue, visual direction, and narrative cues in a
single document, making them ill-suited for standard video-text retrieval
and leaving prior methods to exploit only subtitle overlaps. Methods
ranging from alignment based on textual subtitle to contrastive encoders
and temporal grounding networks can potentially bridge this gap, yet
no benchmark systematically compares these paradigms or isolates the
contributions of dialogue and visual information to alignment quality.
We introduce “From Script to Shot”, a benchmark of 50 feature films
spanning nine decades with over 55K shot-level scene alignment an-
notations verified by human annotators. To disentangle text matching
from visual grounding, we evaluate fourteen approaches—from sparse
text retrieval to recent vision-language models such as FG-CLIP 2 and
Qwen3-VL-Embedding, on an identical pipeline. Dialogue-based retrieval
performs poorly on non-dialogue scenes, and contrastive encoders alone
underperform direct text matching. Adaptive multimodal fusion achieves
the strongest overall results, reaching 0.599 mSIoU when BM25 is fused
with a Qwen3-VL-Embedding, yet even the strongest encoder leaves a
consistent gap between dialogue and non-dialogue scenes, exposing the
limits of current visual encoding for narrative grounding. By quantify-
ing this gap, the benchmark provides a controlled testbed for studying
screenplay-conditioned alignment. We demonstrate downstream utility
through zero-shot movie scene segmentation and screenplay-guided video
generation, confirming that the alignment signal generalizes beyond the
benchmark itself. We release the full dataset, parser and parser outputs,
toolkit, and baselines at https://github. com/jungucho92/script2shot
to support research on long-form multimodal video understanding.
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Screenplay-Video Alignment
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Fig. 1: Screenplay-video alignment maps each shot to its corresponding screenplay
scene. Each scene combines a scene heading (H), narrative direction (N), and dialogue
(D). Shots carry subtitle text only when spoken dialogue is present. Prior dialogue-
based methods align subtitle-matched shots correctly but fail entirely on non-dialogue
scenes, whereas our benchmark evaluates all scene types under a unified protocol.

1 Introduction

Understanding video in conjunction with language has progressed rapidly in re-
cent years, yet most advances are driven by datasets composed of
short, minute-scale clips paired with captions. While effective for localized ac-
tion recognition @7 or retrieval , such datasets offer limited coverage of
extended temporal dependencies and the higher-level narrative organization of
a full story. Movies naturally exhibit this long-form structure, but their dura-
tion and complexity have limited the availability of large-scale, systematically
annotated resources.

A movie is typically decomposed into scenes, narrative units defined by con-
tinuity of time, location or action, each of which is realized on screen as a
sequence of shots . A screenplay describes the film as an ordered sequence of
these scenes . Each scene entry consists of a heading that sets the location and
time, stage directions that describe actions or camera movement, and dialogue
between characters. This mix of visual descriptions and spoken dialogue within a
single document makes screenplays far richer than either subtitle transcripts or
descriptive captions, each of which covers only one of the two channels |2 . Prior
works 8| l. on screenplay-video alignment have accordingly relied on matching
subtitle text against dialogue lines, treating the task as a text overlap problem,
yet the visual and narrative content that screenplays encode beyond dialogue
remains unexploited.

Video-text retrieval aims to match video clips with natural-language descrip-
tions, and vision-language models [22] trained for this task have achieved strong
results on caption-level benchmarks . However, screenplay text is struc-
turally more complex than a caption: dialogue, stage directions, and narrative
cues coexist within each scene, and it is unclear whether models designed for
homogeneous captions can handle such heterogeneous input. Repurposing these
models as baselines for screenplay-to-shot alignment demands a benchmark that
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evaluates them under such conditions and separates the contributions of the
dialogue and visual channels.

To address this gap, we introduce From Script to Shot, the first benchmark
for screenplay-to-shot alignment in feature films, comprising 50 movies and over
55K human-verified shot-level annotations. The dataset captures the inherently
ambiguous, one-to-many mapping between script scenes and cinematic shots,
and is paired with a unified evaluation protocol that separates dialogue match-
ing from visual grounding. We further provide standardized baselines across
alignment methods and vision-language models, enabling controlled analysis of
screenplay-conditioned alignment.

Through the proposed benchmark, we show that dialogue-based retrieval
methods perform competitively overall but degrade substantially on non-dialogue
scenes, consistent with their reliance on lexical matching, while vision-language
encoders trained on caption-level data do not consistently surpass text-based
alignment, suggesting limited transfer to heterogeneous screenplay inputs. Mul-
timodal fusion yields the strongest aggregated performance, yet a persistent gap
between dialogue-driven and visually grounded scenes remains even under the
best configuration. These findings underscore the need for controlled evaluation
that separates modality contributions and position the benchmark as a testbed
for studying long-form screenplay-to-shot grounding.

We demonstrate that the alignment signal generalizes beyond the benchmark
through two downstream applications. The induced scene boundaries serve as
zero-shot pseudo-labels for scene segmentation without task-specific training,
confirming that alignment captures structure invisible to visual-only detectors.
Aligned scene-shot pairs enable an LLM to rewrite raw screenplay text into visu-
ally precise generation prompts, recovering film-specific cinematographic identity
across three commercial text-to-video services.

Contributions.

— A benchmark for screenplay-to-shot alignment: 50 feature films spanning
nine decades, with over 55K shot-level scene-alignment annotations on a
controlled pipeline that isolates the dialogue and visual channels.

— A systematic comparison of fourteen approaches, from sparse text re-
trieval and contrastive encoders to recent vision-language embeddings (FG-
CLIP 2, Qwen3-VL-Embedding), under identical decoding and metrics.

— A quantitative diagnosis: a persistent dialogue/non-dialogue grounding
gap that survives even the strongest encoder (IoU 0.654 vs. 0.496), pinpoint-
ing visual encoding as the bottleneck for non-dialogue scenes.

— Downstream evidence that the alignment signal generalizes, via zero-shot
scene segmentation and screenplay-guided video generation.

— A full open release: dataset, screenplay parser and its outputs, alignment
toolkit, and baselines.

2 Related Works

2.1 Video-Text Retrieval

Video-Text Retrieval (VTR) aims to identify matching video—text pairs by
bridging the semantic gap between video frames and natural language descrip-
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tions through learning a shared embedding space. CLIP [27] marked a signi cant
paradigm shift in VTR. Trained on 400 million image text pairs, CLIP achieves
highly e ective visual semantic alignment. CLIP4Clip [22] leverages CLIP's pre-
trained image and text encoders for video text retrieval. However, CLIP does not
explicitly model sequential information in videos, limiting its ability to capture
long-term and complex video narratives. Di usionRet [16] formulates retrieval
as generating a joint video text distribution from Gaussian noise. UCoFiA [41]
introduces a three-level coarse-to- ne alignment framework. DiscoVLA [34] fo-
cuses on e cient video feature extraction and proposes a parameter-e cient
video-level attention module. Meanwhile, commonly used datasets (e.g., MSR-
VTT [45], VATEX [39], and ActivityNet [18]) primarily describe single-subject
actions and their captions, without capturing more complex scenarios such as
interactions among multiple characters or variations in camera viewpoint.

Various VTR benchmarks are widely used in the eld. MSR-VTT [45] pro-
vides a variety of open-domain video categories for general-purpose retrieval.
VATEX [39] introduces large-scale multilingual captions (English and Chinese)
to improve linguistic depth. DiDeMo [1] focuses on temporal grounding by linking
descriptions to speci ¢ event boundaries within a video. However, these datasets
are limited in that they consist of 10 30 second short videos aligned with one or
a few literal, simple descriptive sentences, and they are largely con ned to iso-
lated, short-form visual segments. Larger datasets such as HowTo100M [23] and
WebVid-2M [3] expand the scale of video text data by leveraging instructional
and web-sourced content. Yet HowTol00M is largely restricted to instructional
videos, while WebVid-2M typically provides only a single descriptive caption per
video despite its diverse visual domains. In contrast, our screenplay benchmark
0 ers complex video-text data with longer durations and rich descriptions. Unlike
simple captions, screenplays guide Immaking by detailing characters' emotions,
nonverbal cues, and environmental context [8]. This results in a deeper align-
ment between text and visual output [5, 26], bridging gaps in previous works
that align visual shots with narrative structures.

2.2 Movie Scene and Narrative Understanding

Understanding movies as visual narratives attract increasing attention in com-
puter vision. Early benchmarks explore multimodal reasoning over movie con-
tent using short clips or coarse descriptions. MovieQA [37] introduce a large-
scale dataset combining clips, subtitles, scripts, and plot summaries for question
answering, while MovieNet [14] expand annotation scale with labels for scenes,
characters, and cinematic attributes across over a thousand Ims. Other datasets
emphasize narrative grounding between video and text, such as MAD [35], which
aligns audio descriptions with temporal segments, and Moviel01 [47] which stud-
ies story centric narration and grounding. However, these datasets rely primarily
on post-production text such as captions or audio descriptions, which capture
only part of the structured information present in screenplays.

More recent benchmarks target long-form video reasoning. In niBench [2]
evaluates reasoning over videos with tasks involving temporal and causal under-
standing, while MovieRecapsQA [33] introduces open-ended question answering
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using recap videos and summaries. MovieBench [42] further provides hierarchi-
cal annotations for long-form movie generation across scenes and shots. Despite
these adavances, existing benchmarks focus on narrative comprehensive or gen-
eration rather than explicitly aligning screeplay structure with visual shots. In
contrast, our work studies screeplay-to-shot grounding, enabling systematic eval-
uation of how dialogue and visual direction in scripts correspond to cinematic
video segments.

3 The From Script to Shot Benchmark

3.1 Task De nition

A movie can be described at multiple levels of granularity. A shot is a continuous
sequence of frames from a single camera, and a scene groups consecutive shots
that share continuity in action, location, or time, forming the basic narrative

unit. Shot boundaries are visual, such as cuts, whereas scene boundaries are se-
mantic, driven by shifts in narrative context. A typical movie contains hundreds

to thousands of shots but only tens to hundreds of scenes.

A screenplay organizes a narrative as an ordered sequence of scenes, each
combining a heading, stage directions, and dialogue. The Imed video, however,
does not retain explicit scene boundaries, and only shots remain directly ob-
servable. The task is therefore to assign each shot to the screenplay scene it
realizes.

the shots in a video. Each shot in V is represented by keyframe images and op-
tional subtitle text, while each scene in S is an ordered sequence of tagged text
elements. The assignment : fl1;:::;Ng ! f1;:::;Mg maps every shot to

a screenplay scene. In the idealized case, the assigned scene indices are non-
decreasing across the shot sequence, i.e.,, (i) (i9 foralli<i 9 and every
scene is realized by at least one shot. In practice, editorial changes such as
scene reordering, deletion, or addition during post-production can violate these
assumptions, making the alignment strictly harder than a clean sequential map-
ping.

This task poses challenges beyond standard video-text retrieval and temporal
grounding. Video-text retrieval matches a short clip to a single caption in a one-
to-one setting, while temporal grounding localizes a moment within a video
given a single query. Screenplay-to-shot alignment instead requires a sequential
mapping of hundreds to thousands of shots across an entire Im. Furthermore,
scene text is not a homogeneous visual caption but a mix of stage directions
and dialogue, and scenes that lack dialogue cannot be matched through subtitle
overlap alone.

3.2 Data Sources and Preprocessing

We build our benchmark on top of MovieNet [14], which provides screenplay-
video pairs for a large collection of movies but does not include scene-to-shot
alignment annotations. Screenplays and their corresponding Ims often diverge
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due to adaptation or editorial restructuring, so we validate each pair by compar-
ing dialogue lines against subtitle transcripts and retain only those with largely
consistent content and ordering. From the validated pool, we select 50 movies
spanning nine decades and 16 genres, sampling to approximate the year and
genre distribution of the full MovieNet collection.

Screenplays in MovieNet are provided as raw text without scene-level seg-
mentation, and we preprocess each selected movie as follows. We apply a movie
screenplay parser [4] to detect scene headings and split each screenplay into
scene-level units. The parser classi es each text element into one of several cat-
egories, of which we retain four that are relevant to alignment. Each scene;sis
represented as an ordered sequence of tagged elements:

s =f(t «; Xk)0ly ; tk 2fH; N; C; Dg @)

where ¥, is the text content, L; is the number of elements in scene j, and
the tags denote scene heading (H), stage direction (N), character name (C), and
dialogue (D).

On the video side, MovieNet provides pre-segmented shots with frame-level
indices and three keyframe images per shot, with subtitle tracks available sepa-
rately as timecode-based timestamps. Because MovieNet does not include frame
rate metadata, direct temporal alignment between shots and subtitles is not
straightforward. We leverage a subset of shot-level subtitle annotations provided
by MovieNet to back-estimate the subtitle o set and frame rate for each movie,
then project all subtitle entries onto the shot timeline. As a result, each shot is
represented as a pair:

(

u if any subtitle overlaps with v;
vi=iuy u= LAY S pe Y @

where f; denotes the keyframe images, u the subtitle string aggregated from all
overlapping lines, and y 2 fu; ;g its assignment for shot v ;.

3.3 Annotation Pipeline

Annotating scene-to-shot alignment from scratch over an entire Im is pro-
hibitively di cult. To reduce annotator burden, we generate an initial alignment

by matching dialogue lines in each screenplay scene against subtitle strings as-
signed to shots. This dialogue-based pre-matching provides a reasonable starting
point, particularly for dialogue-heavy scenes, while leaving non-dialogue scenes
and ambiguous regions for human judgment.

Annotators work sequentially through the screenplay, assigning a contiguous
block of shots to each scene. When a screenplay scene has no corresponding
shots due to editorial deletion, the scene is marked as unmatched. Conversely,
shots depicting content not present in the screenplay are assigned to the nearest
contextually appropriate scene.

Each movie is annotated by a primary annotator and then independently
reviewed by a validation annotator. The reviewer examines every scene-shot
boundary, agging assignments that appear inconsistent with the screenplay
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Table 1: Dataset statistics (50 Ims). Subtitle coverage indicates the fraction of shots
with 1 associated subtitle line. Percentage rows report per-movie statistics.

Min Max Mean Median Total

Shots / Im 363 2,791 1,069 974 53,448
Scenes / Im 32 453 154 148 7,713
Shots / scene 0O 366 74 2

Subtitle coverage (%) 61.5 100.0 94.6 100.0
Matched scenes (%) 44.4 100.0 80.7 82.7
Dialogue scenes (%) 35.6 90.6 60.0 60.6

text or visual content. Disagreements are resolved through discussion until con-
sensus is reached. This annotation and review process is applied to all 50 movies,
yielding the nal set of veri ed alignments.

3.4 Dataset Statistics

The 50 movies contain over 55K shots in total, of which 53,448 are assigned
to screenplay scenes. The rest corresponds to studio logos, title cards, and end
credits with no screenplay counterpart. The screenplays comprise 7,713 scenes,
of which 79.3% are matched to at least one shot, with the remainder having no
corresponding shots due to editorial deletion. Each matched scene maps to 7.4
shots on average, though the distribution is heavily skewed with a median of 2
and a maximum of 366.

Of all scenes, 56.6% contain dialogue and 43.4% do not, providing near-
balanced coverage of both channels for diagnostic evaluation. Tab. 1 summarizes
the full distributional statistics, with detailed breakdowns by decade, genre, and
scene length provided in the supplementary material.

3.5 Evaluation Metrics

We evaluate alignment quality through Scene Intersection over Union (SloU).
For each scene s with ground-truth shot set G; and predicted shot set R, the
scene-level loU is G\Pp .
_ 15 il.
Sloy; = ———:

"G [Py]

The primary metric, mean SloU (mSloU), averages over all matched scenes in a
movie and then over all movies:

®3)

1 X

SloU 1 X SloU 4)
mSloU = — — oU;

IFl e M) M
where F is the set of movies and M is the set of matched scenes in movie f.
SloU captures both the precision and recall of shot assignment for each scene,
making it robust to variations in scene length.
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To isolate the contributions of dialogue and visual information, we partition
the matched scenes into two subsets based on the presence of dialogue elements
in the screenplay. Let D and N; denote the sets of dialogue and non-dialogue
scenes in movie f, respectively. We report

X X X X
mSloUy = i i Sloy;; mSloUpg = i i Sloy;:
IFI (e 1D1) i2D | FI (o INtJ 2N
)
The gap between mSloy and mSloU,y directly quanti es how much a method
relies on dialogue matching versus visual grounding.

A screenplay scene may have no realized shot in the nal cut (e.g., scenes
dropped in editing). Such empty-ground-truth scenes (about 20% of all scenes)
are excluded from the scene-loU metrics (mSloU, loy, loU,q), which are av-
eraged only over scenes with at least one ground-truth shot. Reported scores
therefore characterize matched scenes and may modestly overstate performance
on the full alignment problem, where unmatched scenes must also be detected.

As a complementary measure, we evaluate the accuracy of predicted scene
boundaries using boundary F1 (BndF1). A predicted boundary is counted as a
true positive if it falls within a tolerance window of shots from a ground-truth
boundary. Precision and recall are computed over all boundary predictions, and
BndF1 is their harmonic mean:

2 P R
BndF1 = IR (6)
While mSloU measures the overall quality of shot-to-scene assignments, BndF1
focuses speci cally on boundary localization.

We also report standard retrieval metrics to assess scene-level ranking quality.
For each shot vy with ground-truth scene (i), we rank all scenes by the method's
similarity score and record the rank r; of the correct scene. Recall at rank k and
median rank are de ned as

X
R@k = Ni 1r; k]; MedR = median(fr ;gY; ): (7
i=1

We report R@1, R@5, and MedR. These metrics complement mSloU by measur-
ing per-shot discrimination: a method may produce reasonable scene boundaries
yet fail to rank the correct scene highly for individual shots, or vice versa.

4 Experiments

4.1 Experimental Setup

All methods in our benchmark follow a shared two-stage pipeline. In the rst
stage, each method computes a similarity matrix S 2 R'M  between shots
and scenes using its own modality-speci ¢ scoring function. In the second stage,
a common assignment algorithm converts this matrix into a monotone map-
ping that respects temporal ordering. We use Drop-DTW [9], a variant of
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dynamic time warping that permits unmatched elements, combined with a Gaus-
sian length prior [10,21] that biases each shot toward a positional window pro-
portional to the corresponding scene's text length. This design ensures that per-
formance di erences across methods re ect the quality of the similarity signal

rather than the assignment strategy.

Dialogue methods compute similarity exclusively from text, matching scene
dialogue against shot-level subtitle strings. BM25 [13] and TF-IDF [28] treat
each scene's dialogue as a document and each shot's subtitle as a query, produc-
ing sparse lexical similarity scores via BM25 and TF-IDF cosine similarity, re-
spectively. M/S [8] instead applies word-level DTW to align screenplay dialogue
tokens to subtitle tokens, deriving boundary constraints that guide a constrained
dynamic program using Jaccard word overlap as the scoring function. All three
methods are entirely text-based and use no visual information. Further details
are provided in the supplementary material.

Visual methods replace text matching with contrastive image-text encoders.
CLIP [27] and SigLIP [48] encode the rst keyframe of each shot and compute
cosine similarity against sentence-level text chunks from the screenplay, max-
pooled across sentences within each scene. InternVideo2 [40] operates at the video
level, taking a pseudo-video of four repeated keyframes and comparing it against
the concatenated scene text. All visual methods use no subtitle information.

Temporal grounding methods were originally designed to localize a single text
query within a short video clip. We adapt three recent models to assess their
transferability to our long-form setting. TAN [12] extracts S3D-G [44] features
from a 16-frame pseudo-clip constructed by repeating each shot's keyframe, and
aligns them with Word2Vec [24]-based scene text features through a multimodal
Transformer. MATR [19] and T-MASS [38] both build on CLIP ViT-B/32, with
MATR applying a joint Transformer encoder over concatenated video-text tokens
and T-MASS using text-conditioned cross-attention to pool frame-level features
into per-pair representations. All three models produce a similarity matrix that
is fed into the shared assignment pipeline.

We also evaluate three video-text retrieval models as baselines: CLIPAClip [22],
Di usionRet [16], and DiscoVLA [34]. These models are originally designed to
match short video clips with descriptive captions. CLIP4Clip extends CLIP for
video text retrieval, Di usionRet uses di usion-based retrieval, and DiscoVLA
improves video language alignment for retrieval. To adapt them to screenplay-
to-shot alignment, we treat each shot as a short video clip represented by its
keyframes and encode the corresponding scene text as the query. This evalua-
tion tests whether retrieval models trained on caption-style supervision transfer
to the heterogeneous language of screenplays.

Finally, we evaluate an adaptive fusion of the dialogue and visual channels.
The fused similarity for shot v; is (1 )S P™5 + S VS when y 6=, and &
otherwise, with both matrices row-normalized. We sweep 2 f0:1;0:2;:::;0:99
and report the best-performing con guration. This design tests whether the two
channels provide complementary signals and whether their combination can close
the gap between dialogue and non-dialogue scenes.
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Table 2: Aggregate results across all movies. Best per paradigm in bold. Fusion weight
is selected by 5-fold movie-level cross-validation (Tab. 3), not on the test set.

Paradigm Method mSloU BndF1 IoU 4 loU,y R@1 R@5 MedR
Dialogue BM25 [13] 0.399 0.543 0.5050.190 0.389 0.573 5.82
Dialogue TF-IDF [28] 0.396 0.546 0.507 0.175 0.346 0.576 5.65
Dialogue M/S [8] 0.324 0.480 0.412 0.156 0.446 0.545 6.10
Visual Qwen3-VL-Emb. [20] 0.500 0.629 0.521 0.456 0.257 0.536 6.40
Visual FG-CLIP 2 [43] 0.317 0.497 0.329 0.289 0.174 0.417 10.70
Visual CLIP [27] 0.252 0.434 0.253 0.252 0.144 0.375 11.88
Visual InternVideo2 [40] 0.222 0.429 0.227 0.205 0.128 0.306 19.52
Visual SigLIP [48] 0.023 0.189 0.020 0.035 0.048 0.167 30.58
Temporal T-MASS [38] 0.130 0.300 0.123 0.141 0.088 0.261 21.02
Temporal MATR [19] 0.016 0.205 0.014 0.028 0.023 0.078 66.49
Temporal TAN [12] 0.009 0.181 0.006 0.015 0.003 0.026 67.32
VTR CLIPA4Clip [22] 0.012 0.213 0.010 0.017 0.006 0.043 58.57
VTR Di usionRet [16] 0.011 0.217 0.008 0.016 0.014 0.059 67.30
VTR DiscoVLA [34] 0.013 0.221 0.011 0.026 0.013 0.059 69.80
Fusion(=0:7) Qwen3-VL-Emb.&BM25 0.599 0.695 0.654 0.496 0.448 0.686 2.70
Fusion( =0:5) CLIP&BM25 0.531 0.633 0.597 0.403 0.416 0.594 4.50
Fusion( =0:5) FG-CLIP 2&BM25 0.526 0.638 0.598 0.378 0.426 0.606 4.30

4.2 Benchmark Results

Tab. 2 summarizes the results across all paradigms. Among dialogue methods,
BM25 [13] and TF-IDF [28] perform comparably (0.399 and 0.396 mSloU), both
outperforming M/S [8] (0.324). All three exhibit the same structural pattern:
strong alignment on dialogue scenes (loly 0:50) but sharp degradation on
non-dialogue scenes (lokl 0:19), con rming that subtitle matching alone
cannot ground scenes that lack spoken content.

Visual encoders score lower than dialogue methods overall but behave dif-
ferently across scene types. Qwen3-VL-Embedding [20] is the strongest visual
encoder (0.500 mSloU), followed by FG-CLIP 2 [43] (0.317) and CLIP (0.252),
while SigLIP [48] largely fails (0.023). Notably, CLIP achieves nearly identical
performance on dialogue and non-dialogue scenes (0.253 vs. 0.252), indicating
that visual similarity is not dependent on the presence of dialogue. Temporal
grounding and VTR models perform worst: T-MASS [38] retains 0.130 mSloU,
whereas MATR [19], TAN [12], and the VTR baselines fall below 0.02, suggesting
that models trained to localize a single query within a short clip do not transfer
to full-length Im alignment without architectural adaptation.

Adaptive fusion is the strongest paradigm overall. Qwen3-VL-Embedding [20]
fused with BM25 leads on every metric (0.599 mSloU, 0.695 BndF1), a relative
gain of 50% over BM25 alone, and even the widely used CLIP, when fused with
BM25, reaches 0.531 mSloU. Taking CLIP and BM25 as a controlled reference,
the fusion improves both channels: loy rises from 0.505 (BM25 alone) to 0.597,
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Table 3: 5-fold cross-validation for selection (mSloU). n/5: number of folds in which
this was selected by validation.

Encoder (, n/5) f-1 f-2 -3 f-4 f-5  total
CLIP (0:5, 5/5) 0.469 0.615 0.534 0.452 0.586 0.531
FG-CLIP 2 (0:5, 5/5) 0.472 0.630 0.517 0.467 0.548 0.527

Qwen3-VL-Emb. (0:5, 1/5) 0.541 0.652 0.611 0.540 0.612 0.591
Qwen3-VL-Emb. (0:7, 4/5) 0.547 0.636 0.632 0.567 0.614 0.599

and loUpq rises from 0.252 (CLIP alone) to 0.403. The gap between dialogue and
non-dialogue scenes narrows from 0.315 to 0.194, yet remains substantial, point-
ing to a persistent visual encoding bottleneck that even the strongest encoder
does not resolve.

4.3 Analysis of Alignment Results

We select the fusion weight by 5-fold, movie-level cross-validation, never on the
test set. For CLIP + BM25 the per-fold optimum is unanimous ( =0:5 in all ve
folds) and the cross-validated test mSloU equals the full-sweep value (0.531); for
Qwen3-VL-Embedding + BM25, =0:7 is selected in four of ve folds and the
cross-validated test mSloU is 0.599, con rming that the gain is not an artefact
of test-set tuning. The optimal rises with encoder strength (0.5 for CLIP and
FG-CLIP 2 [43], 0.7 for Qwen3-VL-Embedding), consistent with stronger visual
encoders warranting a larger visual weight in fusion.

The fusion gain on non-dialogue scenes is the central nding. CLIP [27] alone
achieves only 0.252 loly, yet fusing it with BM25 [13] raises this to 0.403,
far beyond what either channel reaches independently, even though the same
CLIP features are used in both settings. The improvement does not come from
better visual encoding. Rather, BM25 accurately anchors dialogue scenes to their
correct positions, and the temporal ordering constraint in Drop-DTW propagates
these anchors to neighboring non-dialogue scenes, narrowing the search space
for visual matching. We refer to this as the dialogue anchoring e ect: reliable
dialogue alignment indirectly constrains the placement of non-dialogue scenes
that would otherwise be ambiguous.

Two structural limits of current encoders follow. First, CLIP's near-identical
dialogue/non-dialogue scores (0.253 vs. 0.252), despite dialogue scenes containing
substantially more text, show that contrastive encoders are blind to the distinc-
tion between dialogue and stage directions: including or excluding dialogue does
not change the visual matching signal. The bottleneck therefore lies not in the
amount of text available but in the encoder's inability to interpret screenplay-
speci ¢ language such as stage directions and scene headings. Second, the spread
among temporal grounding models (0.130 for T-MASS vs. 0.009 for TAN) re-
ects a scale mismatch beyond domain shift: all three were designed to localize
a single query within a clip of a few minutes, whereas our task requires simul-
taneous alignment of hundreds of scenes across a two-hour Im. This identi es
input-length scalability as a concrete design requirement for future models.
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Table 4: Application to movie scene segmentation. (a) Performance on MovieNet-SSeg
without any task-speci c training. (b) Boundary agreement between screenplay-shot
alignment and scene segmentation annotations across 44 overlapping movies.

Method Type F1 mioU Metric Value
GraphCut [30]  Unsup. 20.70 Exact-match F1 0.477
DP [11] Unsup. 32.00 Tolerance 3 F1 0.752
Grouping [32]  Unsup. 37.20 Tolerance 5 F1 0.813
Ours (alignment) Zero-shot 25.61 32.24 Cohen's 0.425
LGSS [29] sup. 48.80 Alignment / Seg. boundaries 1.37
BaSSL [25] Sup. 47.02 50.69 Mean distance (Align!Seg) 4.6 shots
TranS4mer [15]  Sup. 48.36 51.91 Mean distance (Seg!Align) 2.9 shots
CAT [46] sup. 51.93 53.67 Ambiguous near Al ( 2) 77.5%
() MovieNet-SSeg performance. (b) Boundary agreement (44 movies).

Together, these ndings point to two actionable directions. First, visual en-
coders need to move beyond object-centric caption matching toward understand-
ing screenplay language, where stage directions describe actions, camera move-
ments, and spatial relationships rather than object categories. Second, the dia-
logue anchoring e ect suggests that future architectures could explicitly model
the interplay between dialogue-grounded and visually-grounded scenes, rather
than treating each scene independently.

5 Downstream Applications

5.1 Zero-Shot Movie Scene Segmentation

Scene segmentation is a core task in movie understanding that partitions a Im
into semantically coherent scenes. Existing methods typically train boundary
detectors on visual or audiovisual features without access to screenplay struc-
ture. Our alignment provides a complementary signal: if a model can ground
screenplay scenes in video, the resulting assignment directly induces scene
boundaries at shots where (i) 6= (i+1).

Without any task-specic training, this zero-shot baseline achieves 32.24
mloU on MovieNet-SSeg, as shown in Tab. 4a, matching the classical unsuper-
vised method DP (32.00 mloU). The gap to supervised methods (50 54 mioU)
is expected, as our alignment optimizes scene identity rather than boundary
detection.

To understand this gap, we compare alignment-derived boundaries against
segmentation annotations on the 44 movies shared between our benchmark and
MovieNet [14]. The results are summarized in Tab. 4b. Exact-match F1 is 0.477,
but allowing a 3-shot tolerance raises it to 0.752, indicating that the two tasks
identify similar structural boundaries with a small positional o set. Alignment
produces 1.37 more boundaries on average, because the screenplay treats short
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Fig. 2: Alignment vs. segmentation boundaries on Bruce Almighty (shots 1288 1316).
(a) Keyframes at each alignment boundary: alignment-only (same apartment, dif-
ferent screenplay scenes), 1-shot o set (annotator marked as ambiguous), exact
match. (b) Timeline: segmentation yields 3 segments; alignment yields 4 scenes with
heading-level identity (bottom row), semantic information absent from boundary labels
alone.

transitions such as cutaways and inserts as independent scenes, whereas seg-
mentation annotators tend to absorb them into neighboring segments. Notably,
77.5% of shots marked as ambiguous ( 1) by segmentation annotators fall within

2 shots of an alignment boundary, suggesting that boundary ambiguity in vi-

sual annotation coincides with screenplay-level scene transitions.

Fig. 2 illustrates this on a representative excerpt from Bruce Almighty. Seg-
mentation identi es three segments, while alignment identi es four screenplay
scenes with three boundaries. At shot 1308, the two methods agree exactly ();
at shot 1300 both detect a transition but alignment places it one shot earlier (,
=1), and the annotator also agged this shot as ambiguous ( 1). At shot 1290,
alignment marks a scene change between two scenes set in the same apartment
(), which segmentation merges. Crucially, alignment also provides scene iden-
tity: each segment is linked to a screenplay scene with heading and dialogue
content, o ering semantic grounding absent from boundary labels alone.

These ndings con rm that screenplay-shot alignment captures scene struc-
ture that overlaps with, but is ner than, segmentation. This makes alignment
a practical source of zero-shot pseudo-labels for training segmentation models
on unannotated Ims, and provides richer semantic grounding than boundary
labels alone.

5.2 Screenplay-Guided Video Generation

Screenplays encode narrative intent in a format designed for Im professionals,
such as slug lines, action descriptions, and character cues, rather than the explicit
visual language that text-to-video models expect. This format gap means that
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