Shot-by-Shot: Film-Grammar-Aware Training-Free Audio Description Generation

Supplementary Material

This appendix is organised as follows:

¢ Implementation details: In Appendix A, we provide
additional details on film grammar prediction, action score
evaluation settings, and the exact text instructions.

* Evaluation metrics for AD generation: In Appendix B, we
elaborate on the key metrics used to measure AD quality.

* Additional experimental results: In Appendix C, we
provide additional results for AD generation.

* Human alignment with action scores: In Appendix D, we
provide a thorough description of the human agreement study
for action scores, including curated test sets, a correlation
analysis, and an inter-rater agreement study.

* Quantitative results: In Appendix E, we present the
complete results for AD generation on MAD-Eval.

¢ Qualitative visualisations: Appendix F includes more
detailed visualisations, along with an in-depth analysis of
failure cases and assisted AD generation.

A. Implementation details

Thread structure prediction setting. To predict thread
structure in a zero-shot manner, we resize video frames to 224p
and employ DINOv2 [20] ViT-g/14 w. reg to extract spatial
features. During matching score prediction, we consider a 5 x5
mask neighbourhood for cost volume computation and set the
softmax temperature to 7=0.1. To determine the relationship
between each pair of shots, we apply a threshold of e=0.3 to
the matching score s%7.

Shot scale classification setting. For shot scale classification,
we fine-tune the last 6 layers of the DINOv2 [20] ViT-B/14
on the MovieShots training set. During evaluation, we use the
middle frame of each shot as input.

The averaged shot scale of the current shots (i.e. the effective
shot scale Sefr) is used to guide the incorporation of additional
factors in Stage I prompts. Specifically,

Facial expression, if Se<1.5

Key object if 2< Sepr <
Stage I factor +=4 > O Loz Ser <3

Environment, if Serr>3.5

None, otherwise

Action score evaluation setting. To obtain character-free
GT action sentences, we employ LLaMA3.1-70B [16] for
pre-processing in two steps: (i) Character information removal:
Character names are replaced with appropriate pronouns
using the LLM with the prompt provided in Algorithm 3; (ii)
Action sentence extraction: Each AD sentence is split into
subsentences, each containing a single action. To achieve this,
the LLM is prompted with instructions in Algorithm 4.

During hierarchical prediction parsing, we use spaCy' to
extract action phrases and corresponding verb lemmas from
predicted sentences.

During similarity score computation, to extract sentence
embeddings, we apply gte-Qwen2-7B-instruct [12], which
supports optional text prompt input as guidance. We set
the prompt to: “Retrieve relevant passages that involve
similar actions, with particular focus on the verbs.”, further
emphasising actions and verbs during similarity matching.

Additionally, to establish the LLM-based baseline, we define
evaluation criteria as outlined in Algorithm 5 and use them to
prompt LLaMA-3.1-70B and GPT-4o.

GPT-40 setup for AD generation. For both stages, we use
gpt-40-2024-08-06 [19] as the base model. For visual token
extraction, the “detail” parameter is set to “low”.

Text instructions for AD generation. The prompts for AD
generation are provided in Algorithms | and 2 for Stage I and
Stage II, respectively. The Stage I prompt is designed for both
Qwen2-VL and GPT-40, while the Stage II prompt is tailored
for LLaMA3 and GPT-4o.

B. Evaluation metrics for AD generation

CIDEr [24] measures text similarity by computing a weighted
word-matching score, emphasising n-gram overlap while
accounting for term frequency and importance through
TF-IDF [22] weighting.

Recall@k/N [9] is a retrieval-based metric that evaluates
whether predicted texts can be distinguished from their temporal
neighbours. Specifically, for each predicted AD, it checks
whether the AD can be retrieved at a top-k position within a
neighbourhood of N ADs. Following prior work [8, 11], we
report Recall@1/5 on CMD-AD and TV-AD, and Recall@5/16
on MAD-Eval.

LLM-AD-Eval [11] employs LLM agents (LLaMA3-8B [16]
| LLaMAZ2-7B [6]) as evaluators to compare ground truth ADs
with predictions, generating a matching score ranging from 1
(lowest) to 5 (highest).

For MAD-Eval, we additionally report the performance on
conventional metrics including ROUGE-L [13], SPICE [2],
METEOR [4], and BLEU-1 [21].

The fixed and distinct set of character names in each video can
bias conventional captioning metrics. For instance, TF-IDF
weighting in CIDEr assigns high importance to character names.
To provide a more independent measure of character names
and other AD content, we consider CRITIC and the new action
score for CMD-AD and TV-AD evaluation.

CRITIC [11] measures the accuracy of character names in
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CMD-AD TV-AD
Stage I Stage I Acti Act Act Acti
g ction ction ction ction
VideoLLM LLM CIDEr  CRITIC  (guoel)  (Stagel) CIPEr  CRITIC  (quocl)  (Stage IN)
Qwen2.5-VL-7B [3] LLaMA3-8B [16] 24.1 49.7 35.5 27.2 26.5 436 36.4 23.8
VideoLLaMA3-7B [30] ~ LLaMA3-8B [16] 22.1 45.1 34.2 24.8 26.8 41.3 39.9 23.8
InternVL.2.5-8B [5] LLaMA3-8B [16] 24.0 46.0 35.0 28.1 28.3 412 36.0 242
Qwen2-VL-7B [26] LLaMA3-8B[16]  26.3 478 38.2 284 311 422 38.2 23.9
Qwen2-VL-7B [26] Gemma3-12B [23]  26.4 45.9 - 306 30.0 432 - 247
Qwen2-VL-7B [26] Qwen3-8B [28] 26.3 45.2 - 28.4 30.7 434 - 247
Qwen2-VL-7B [26] LLaMA3-8B [16] 26.3 478 - 28.4 311 42.2 - 23.9
GPT-4o [19] GPT-4o [19] 26.1 19.1 10.2 32.5 34.2 16.5 1.0 27.4

Table Al. Different open-source VideoLLMs (for Stage I) and LLMs (for Stage II). As a reference, the last row reports results using the
proprietary GPT-40 model. Note, we additionally report action scores for predicted Stage I description, whereas other metrics, including CIDEr,

CRITIC, and Action (Stage II), measure the Stage I AD quality.

Thread Stage I TV-AD subset

structure VideoLLM CIDEr CRITIC  Action
7 Qwen2.5-VL-7B [3] 23.0 42.2 23.2
X Qwen2.5-VL-7B [3] 239109 43.0108 23.2 00
7 VideoLLaMA3-7B [30] 24.9 42.1 219
X VideoLLaMA3-7B [30] 25.5 106 41.1 22.7 108
7 InternVL2.5-8B [5] 25.9 40.3 21.8
X InternVL2.5-8B [5] 271112 419116 2317113
7 Qwen2-VL-7B [26] 28.8 42.0 22.6
X Qwen2-VL-7B [26] 30.7 119 427107 229103

Table A2. Thread structure injection for different open-source
VideoLLMs. The base model for Stage II is LLaMA3-8B. Thread
structure information is injected only into subsets predicted to exhibit
thread structures (~60% in TV-AD).

. CMD-AD TV-AD
*P CIDEr CRITIC Acton CIDEr CRITIC Action
1 263 478 284 311 422 239
2> 269 47T 284 307 419 238
3 264 483 283 305 430 237
4 263 473 /5 308 420 235

5 26.5 48.3 28.4 31.5 41.9 23.7

Mean 26.5 47.9 28.4 30.9 42.2 23.7
STD 0.2 0.4 0.1 0.4 0.5 0.1

Table A3. Repeated (multi-run) experiments. Results shown are from
five independent runs (Stage I + Stage II) using different random seeds.

predicted ADs. It first resolves character ambiguity in GT
ADs by applying a coreference model to replace pronouns
with corresponding character names. During evaluation, the
intersection-over-union (IoU) of predicted and ground truth
character names is computed.

Action Score, as detailed in Sec. 4 of the main text, evaluates
the quality of predicted actions (i.e., verbs, object nouns, etc.)
while minimising the influence of character name variations.
Throughout this paper, unless otherwise specified, we use the
action score to assess Stage II AD outputs, i.e., “Action” refers
to “Action (Stage II)”.

Shot Film Stage 1 Stage II

Method Partition Gz ar VideoLLM LLM Total
AutoAD-Zero — — 2.18s 0.64s 2.82s
Ours 0.09s 0.12s 2.82s 0.72s 3.75s

Table A4. Inference time analysis.

C. Additional experimental results

Different VideoLLMs for Stage I. Tab. A1 compares our
AD generation performance using different open-source
VideoLLMs in Stage I, validating our choice of Qwen2-VL-7B
as the default model.

Beyond the Stage II action scores presented in the main
text, we also report Stage I action scores as a direct indicator
of dense description performance. In general, Stage I action
scores are noticeably higher than their Stage II counterparts,
suggesting that some ground truth actions are captured in dense
descriptions but are not selected for the final AD outputs. This
further supports the validity of our assisted AD generation pro-
tocol, where multiple candidate ADs with different actions are
extracted from dense descriptions and await further selection.

Different LL.Ms for Stage II. Tab. Al also compares different
options for the Stage II LLM. Overall, the choice of LLM has
a relatively minor impact compared to the Stage I VideoLLM.
The default LLaMA3-8B achieves overall strong performance.

Thread structure injection for different VideolLLLMs.
We investigate how injecting thread structure into different
open-source VideoLLMs affects AD generation. Specifically,
we evaluate performance on TV-AD, which contains a
large proportion of thread-structured video clips. As shown
in Tab. A2, incorporating thread information leads to general
performance boosts across various VideoLLMs.

Repeated AD generation. Tab. A3 reports results from five
independent runs of our two-stage AD generation pipeline,
each adopting a different random seed. The results are largely
consistent across runs, indicating the stability of the AD
generation process. In particular, the CRITIC results exhibit
the highest variance, followed by CIDEr, while the action score



890 actions. Given the video clip described by the GT AD,
instead of generating AD predictions from a VLM, we use a
human-narrated AD from alternative sources for the same clip as
the prediction. Similarly, the final human score is computed by
averaging the scores across different actions within each GT AD.

Figure Al. Correlations between descriptive factors in ADs and ~ Correlation between human scoring and metricsWe plot
averaged shot scales. the human-annotated scores against the scores reported by
each metric, as shown in Fig. A2. Most conventional metrics
remains relatively stable across repeated experiments (blue_ a_nd pink) fail to align with human evaIL_Jations of actiqn

’ predictions. In contrast, both LLM-based metrics and our action
Inference time analysis.We report the inference timeer  scores effectively assess the quality of action predictions in AD
AD in Tab. A4. Our added components (e.g. shot partition-sentences (Fig. A2, bottom).
ing, film grammar prediction) incur minimal overhead. The  However, when evaluating longer paragraphs against the
main cost increase arises from sampling more contextual framegs T action, LLM-based metrics struggle, whereas action scores
for Stage I inputs. Overall, our method maintains reasonable efmaintain a high correlation with human judgments (Fig. A2,

ficiency—given averaged input clip duration (including contex- top).  Quantitative results on human-metric correlations are
tual shots) is19.82s—while delivering clear performance gains. provided in Tab. A6.

Investigation on factor-scale correlations.To verify our  |nter-rater analysis for action score. To obtain an upper
assumptions about the strong correlations between descriptivgound on action scores for predicted AD sentences, we measure
factors in ADs and shot scales (as mentione@@nwe used  the agreement between two versions of human-annotated
GPT-40 to extract key elements (e.g. environments) mentionedaps for the same movie clip at different temporal loUs (i.e.
in GT ADs from 100 movies, and analysed their correlation jnter-rater agreement fJ). As shown in Tab. A7, the action

with shot scales. As shown in Fig. Al, facial expressions score increases monotonically as the temporal loU increases.
predominantly occur in (extreme) close-up shots, while environ-

mental cues align with full/long shots. These observations align E. Quantitative results
with the assumption and generalise across real-world movies.

Tab. A8 presents the complete quantitative comparison on
D. Human alignment with action scores MAD-Eval, where our method outperforms all training-free

) . ) approaches and remains competitive with state-of-the-art
To assess how the proposed action score aligns with humam,gdels fine-tuned on GT ADs.

knowledge, we curate a test set that measures the correlation
between action scores and human scoring. F. Qualitative visualisations

Scoring criteria. The human-annotated scores measure whether N o
the ground truth (GT) action is described in the descriptions,Fig- A3 presents additional visualisations for CMD-AD and

ranging from0 to 3 based on the following scoring criteria: TV-AD, comparing our method against other approaches. For
« Score 0 -GT action is unrelated to any action in PD more visualisations, please refer to the Supp. Videos.
» Score 1 -GT action is loosely related to an action in PD Example failure casesare illustrated in Fig. A4. The top

 Score 2 -GT action is similar in meaning to an action in PD  example highlights a hallucination issue in the prediction by
» Score 3 -GT action exactly matches with an action in PD, Qwen2-VL + LLaMA3 (Ours), where the VideoLLM model

using the same verb misidentifies a “gift” as “candy” and infers an incorrect action
where PD stands for Predicted Description. Additional of “eating,” which does not occur. When a stronger base model
guidelines and scoring examples are provided in Tab. A5. is used (Ours* with GPT-40), this issue is mitigated.

Test Set Formulation. We construct two test sets, namely ~ Additionally, the current method struggles to incorporate
the “paragraph set” and the “sentence set,” corresponding t(proader (story-level) contex.tual understgrjdlng, as demonstr_ated
the scoring of (Stage I) dense descriptions and (Stage 11) ADIN the bqttom example of Flg._ A4, SpeC|f_|caIIy, the model fails
sentences, respectively. to de_scrlbe the retum Qf _an_lnsect and mstgad focuses on the
The paragraph set consistsa@0ground truth (GT) ADs, sle(_eplng woman. This limitation c_ould potgnnally t_)e addressed
each paired with a predicted paragraph. In total, aroundPy incorporating more abstrgct information, whlgh could be
460character-free GT actions are extracted, with each action€xtracted from existing movie plots or summarised from a
paragraph pair manually annotated by five workers using+Be  longer temporal context.
scoring scale, as described in the previous section. For ADs corisualisation of intermediate outputs. Fig. A5 provides
taining multiple GT actions, the final human score is obtained by more detailed visualisations, including intermediate results on
averaging the manually assigned scores across different actionghread structure and shot scale predictions, as well as Stage |
meaning the resultant score may not always be an integer.  descriptions. It also illustrates how the predicted shot scales
The sentence set contaBBIGT ADs with approximately  influence the formulation of Stage | factors.



Score  Note GT action Prediction

0 Unrelated: He indicates that he was just The video begins with a man sitting under an umbrella in the rain, wearing a dark
Completely irrelevant in ac- joking. jacket with red accents and a blue shirt underneath. The scene transitions to show
tions, objects, environments, him lying on the ground, wet from the rain, with his arms outstretched and his eyes
etc. closed. Another person, dressed in a white shirt and black vest, reaches towards

him from above.

His new companion cuddles The flames start to die down.
back up to him.

1 Loosely related He points the remote at the 1. Main characters: Morty and Michael Newman. 2. Actions: Both characters
Semantically or causally word's main menu. are standing in a room with futuristic digital screens and symbols around them.
relevant actions; They appear to be engaged in an activity involving the screens, posséicting
Similar objects, with them or using devices 3. Character-character interactions: The two
environments, etc. characters seem to be focused on the screens, possibly discussing or collaborating

on something related to the content displayed.

They step away from the The four of thenteave the cabirand go to their horses tethered to a rail at the side.

window.
2 Similar meaning: He dives into an Olympic- The movie clip shows a young boy running out of a house wearing only a diaper.
Similar verb, objects, sized swimming pool. He then jumps over a fence and runs across a lawn. The boy continues running
environments, etc. andjumps into a swimming pool Throughout the video, the boy's movements

are energetic and playful, and he appears to be having fun.

She carries a laundry basket Carolinebrings some washingnto the garden.
outside the house.

3 Exactly same match: He lights a cigar. In the movie clip, a man is seen sitting at a table, while another man enters the
Exactly the same verb; room and approaches him. The second man takes oigiaaetteand lights it,
Same/similar objects, while the first man watches him. The scene is set in a dimly lit room with a table
environments, etc. and chairs in the foreground, and a window in the background.

She stares glumly at the night At the palace, Jasmine wanders out into her balconystaces up at the stars

sky.

Table A5.Example of human-annotated scoreassessing whether the ground truth (GT) action is accurately captured in the predictions. For
each score, examples of a paragraph prediction and a sentence prediction are provided.

Metric Paragraph Sentence tloU #movies #AD pairs CIDEr R@1/5 Action LLM-AD-Eval
Pearson Spearman Pearson Spearman 0:8 315 4447 65 712 456 304j3:24
CIDEr[24] 0:205 0264 0412 0528 0.9 267 999 68 804 476 353j3:34
ROUGE-L [13] 0:305 Q0280 0526 0512 0:95 148 229 3 478 357)3:45
METEOR [4] 0:462 Q406 0602 0641
BLEU-1[21] 0265 0264 0477 0481 Table A7. Inter-rater analysis on CMD-AD, where two versions

SPICE[2] 0022 Q048 Q031 Q012 ) "
BERTScore [33] 0377 0393 0508 0507 of human-annotated ADs for the same movie clip are compared under

LLM-based (LLaMA3.1-70B [16]) 0:569 Q491 Q779 Q798 different temporal intersection-over-union (tloU) thresholds.
LLM-based (GPT-40[19]) 0742 Q678 Q797 Q807

Action Score (w/o verb matching) 0:735 Q728 Q765 Q790 « ” « » fu » ;
Action Score(w verb matching) 0:749 ~ 0:729  0:806  0:820 (e.g."shoot blue energy'andlook” /“observe). In this case,

the AD candidates primarily vary in style, such as changes in

Table A6.Comparison of action score with other metrics.The listed subjects or sentence structures, providing varied options for
metrics measure the similarity between predicted paragraphs/sentencess|ection.

and ground truth actions. The reported values indicate the correlation
(i.e. alignment) between these metrics and human-annotated scores.

Visualisation for assisted AD generationFig. A6 presents
additional examples with Stage | descriptions, from which
multiple AD candidates are extracted. Among the five AD
predictions, the one that best aligns with the ground truth (based
on the averaged CIDEr and action score) is highlighed.

In the top example, multiple actions are present in the Stage |
dense description (e.tkiss” , “hand on neck’, “eyes closed
etc.), resulting in AD candidates that differ in both subjects and
actions. In contrast, the middle example contains fewer actions



Figure A2.Human agreement of different metrics for action evaluation,where human-annotated scores are compared with metric scores. These
scores measure the quality of the Stage | description paragraph (top) or the Stage Il output AD (bottom). We consider various metrics, including
word-matching-based metrics (blue), semantic-based metrics (pink), LLM-based metrics (orange), and our proposed action scores (purple). The
Pearson correlation between human and metric scoring is reported. Within the scatter plots, we use colour depth and marker size to indicate density
— larger and darker markers represent more data points at a single position. Zoom in for a clearer view.

Method VLM LLM Training  Propriet. MAD-Eval

-free model  CIDEr R@5/16 Rouge-L SPICE METEOR BLEU-1
ClipCap [17] CLIP-B32 GPT-2 7 7 44 365 85 11
CapDec [18] 7 7 6:7 82 14
AutoAD-I [9] CLIP-B32 GPT-2 7 7 134 421 119 44
AutoAD-I1 [10] CLIP-B32 GPT-2 7 7 195 513 134
AutoAD-IIl [11] EVA-CLIP LLaMA2-7B 7 7 240 528 139 6.1 55 131
MovieSeq [15] CLIP-B16 LLaMA2-7B 7 7 244 516 155 70
DistinctAD [8] CLIPAp-B16 LLaMA3-8B 7 7 273 560 17:6 83
UniAD [25] CLIP-L14 LLaMA-8B 7 7 28:2 549 172
Video-LLaMA [32] Video-LLaMA-7B X 7 4.8 33
Video-BLIP [29] Video-BLIP X 7 5:0 352
AutoAD-Zero [27] VideoLLaMA2-7B LLaMA3-8B X 7 224 470 144 73 6.6 151
AutoAD-Zero [27] Qwen2-VL-7B LLaMA3-8B X 7 236 513 146 78 6.6 136
Ours Qwen2-VL-7B LLaMA3-8B X 7 250 506 147 7.8 72 16:2
VLog [1] BLIP-2 + GRIT GPT-4 X X 1.3 423 75 21
MM-Vid [14] GPT-4V X X 6:1 461 98 38
MM-Narrator [31] Azure API + CLIP-L14 GPT-4v X X 9:8 128 71 109
MM-Narrator [31] Azure API + CLIP-L14 GPT-4 X X 139 490 134 52 6.7 128
LLM-AD [7] GPT-4V X X 205 135
AutoAD-Zero [27] GPT-40 GPT-40 X X 254 543 143 81 6.7 137
Ours GPT-40 GPT-40 X X 269 56:4 150 85 74 159

Table A8.Quantitative comparison on MAD-Eval. For training-free methods, “VLM” and “LLM” refer to the models used in separate stages,
while for fine-tuned models, they denote the pre-trained components within an end-to-end model.



Figure A3. More qualitative visualisations. Current shots (corresponding to AD intervals) are outlined by red boxes for illustration purposes
only. Training-free methods with “*” adopt GPT-40 (otherwise Qwen2-VL + LLaMA3). Examples from top to bottom are takdresbfimes
at Ridgemont Higl§1982),Extraction(2015),Friends(S3E2), andrriends(S1E9), respectively.

Figure A4. Failure case visualisationsCurrent shots (corresponding to AD intervals) are outlined by red boxes for illustration purposes only.
Training-free methods with “*” adopt GPT-40 (otherwise Qwen2-VL + LLaMA3). Examples from top to bottom are takeFrfenis(S3E4),
andDrag Me to Hell(2009), respectively.
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