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HoloCine: Holistic Generation of Cinematic Multi-Shot Long Video Narratives

Supplementary Material

Appendix
A. Details on Evaluation metrics

We evaluate the models across five key dimensions: aes-
thetic quality, semantic consistency, intra-shot consis-
tency(capturing subject and background stability), inter-
shot consistency, and transition control.

A.l. Transition Control Evaluation Metrics

To comprehensively evaluate the model’s ability to follow
explicit shot-cut instructions, we propose the Shot Cut Ac-
curacy (SCA) metric. This metric holistically assesses shot
control by quantifying both the accuracy of the number of
cuts and the temporal precision of their placement.

To compute the SCA, we first apply a state-of-the-art
shot boundary detector, TransNet V2 [11], to the gener-
ated video to obtain the set of predicted cut locations P =
{p; };-Vz”[ed. These are compared against the ground truth cut
locations G = {gz}f\g{ specified in the user instructions.
SCA is defined as:

SCA = exp(—NSD) (S1)

where NSD is the Normalized Shot Discrepancy, represent-
ing the total error relative to the total video frames, Fioy:

Ematched + Epenalty
Eotal

Here, Fi. is composed of two parts:
1. Matched error (E,,qtcheq): This term quantifies the
temporal deviation of successfully detected cuts. We em-
ploy a one-to-one greedy matching strategy to identify the
set of matched pairs M = {(g, p)}. The error is the sum of
absolute distances between these pairs:

Brachea = Y 9=l (S3)
(9,p)EM

NSD =

(52)

2. Penalty error (Epcyqity): This term penalizes discrep-
ancies in the shot count, including missed cuts (False Neg-
atives, Nr ) and extraneous cuts (False Positives, Ngp).
To balance the error weight, we penalize each unmatched
cut by the average shot length (L) of the target video:

Eotal
N gt + 1
(S4)
The final SCA score ranges in (0, 1], where 1 indicates a
perfect match. The exponential formulation makes the met-
ric particularly sensitive to large errors, heavily penalizing
significant temporal deviations or incorrect shot counts.

Epenally = (NFN +NFP) : Lavg> where Lavg =

A.2. Aesthetic Quality

We assess the aesthetic and artistic value of each video
frame using the LAION aesthetic predictor [9]. This met-
ric reflects human-perceived qualities such as composition,
color harmony, realism, naturalness, and overall artistic ap-
peal of the generated frames.

A.3. Semantic Consistency.

We evaluate the alignment between the text prompt and the
generated video by measuring two types of semantic con-
sistency: global and shot-level. For global consistency, we
extract the representations of the entire prompt and the full
video using ViCLIP [12] and compute their cosine similar-
ity. For shot-level consistency, the video is divided into seg-
ments based on the input shot prompts, and the cosine sim-
ilarity between each shot clip and its corresponding shot-
level prompt features is calculated using ViCLIP.

A.4. Intra-shot Consistency

To compute intra-shot consistency, we first employ the pre-
trained shot boundary detector TransNet V2 [11] to identify
cut locations within the generated videos. We then compute
subject consistency and background consistency, following
the design of VBench [4].

Subject consistency. For the main subject in the video, we
measure the stability of its visual appearance across frames.
Specifically, we extract DINO [1] features for each frame
and compute the average cosine similarity between consec-
utive frames and between each frame and the first frame.

Background consistency. To evaluate the temporal stabil-
ity of the scene background, we compute CLIP [8] feature
similarities across frames. A higher similarity indicates
a smoother and more coherent background transition over
time.

A.S. Inter-shot Consistency

To assess consistency across different shots, a naive ap-
proach would be to extract ViCLIP features for each shot
and compute the cosine similarity between them. How-
ever, since different shots may depict distinct characters or
scenes, this simple comparison ignores diversity and may
lead to biased results. To address this, we identify the char-
acters described in the prompt and group the corresponding
shots by character identity. We then compute the ViCLIP
feature similarity among shots belonging to the same char-
acter group to obtain the inter-shot consistency score.
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Table S1. Human evaluation results. We report the percentage of “best” votes received by each model from our user study across three
key perceptual criteria. The best and runner-up are in bold and underlined.

Method Prompt Adherence! Inter-Shot ConsistencyT Overall Preference?
Wan2.2 2.67 % 1.11% 2.44%
StoryDiffusion+Wan2.2 6.44% 10.00% 5.11%
IC-LoRA+Wan2.2 8.67% 15.78% 12.22%
CineTrans 1.11% 0.44% 1.78%
HoloCine(Ours) 81.11% 72.67% 78.44%

Method
3 IC-LoRA+Wan2.2
I CineTrans

3 wan2.2
[ StoryDiffusion+Wan2.2

Il HoloCine (Ours)

Percentage of "Best" Votes (%)

Inter-Shot Consist. Overall Preference

Human Evaluation Criteria

Prompt Adherence

Figure S1. Human evaluation results. We plot the percentage of
“best” votes received by each model across three key perceptual
criteria: Prompt Adherence, Inter-Shot Consistency, and Overall
Preference. Our method is overwhelmingly preferred by human
evaluators across all categories, highlighting its superior ability to
generate coherent and well-controlled multi-shot videos.

B. Human Evaluation

While our quantitative metrics quantify specific aspects,
they cannot fully capture the holistic, perceptual quality of
multi-shot videos. High-level concepts such as narrative co-
herence, logical consistency, and artistic appeal are best as-
sessed by human evaluators.

To this end, we conduct a user study based on a forced-
choice, best-of-N methodology. We recruited 30 partici-
pants from diverse backgrounds to ensure a comprehensive
evaluation, comprising: (1) 10 computer vision researchers,
(2) 10 professional artists and animators, and (3) 10 non-
expert users. This diversity mitigates potential biases and
provides a balanced assessment of technical, artistic, and
general perceptual quality. We compare HoloCine (Ours)
against the four baseline models. We used 25 diverse and
challenging prompts from our benchmark set. Each partici-
pant was shown the text prompt and the five corresponding
videos (Ours + 4 baselines), presented side-by-side in a ran-
domized order to mitigate positional bias. Each participant
was asked to evaluate 15 randomly assigned prompts, se-
lecting the single best video for each of the three criteria

most central to this work:

* Prompt adherence: “Which video most accurately and
faithfully follows the text prompt, including all described
actions, characters, and shot transitions?”

* Inter-shot consistency: “Which video best maintains the
consistency of characters, styles, and scene logic across
the different shots?”

* Overall preference: “Considering all aspects (prompt
following, consistency, and visual quality), which video
do you prefer overall as the most coherent and high-
quality multi-shot video?”

This methodology resulted in a total of 450 preference
votes (30 participants x 15 prompts) for each of the three
criteria. The results of the user study are shown in Tab. S1
and Fig. S1, which clearly demonstrate that HoloCine
achieves superior performance across all evaluation met-
rics, validating our method’s effectiveness in generating
narrative-consistent and high-fidelity multi-shot videos.

C. Comparison with Closed-source Models

C.1. Comparison with Commercial Models

To further situate HoloCine’s capabilities, we conducted
a qualitative comparison with leading closed-source com-
mercial models. As illustrated in Fig. S2, while models
like Vidu [10] and Kling 2.5 Turbo [5] generate visually im-
pressive clips, they struggle with the core task of multi-shot
storytelling. Given a hierarchical prompt, they produce a
single, continuous shot, failing to understand or execute the
specified shot transitions. In contrast, HoloCine demon-
strates narrative comprehension and control on par with the
latest state-of-the-art model, Sora 2 [7]. Both models suc-
cessfully parse the prompt to generate a coherent sequence
of distinct shots—transitioning from a medium shot to a
dramatic close-up—while maintaining high character and
stylistic consistency. This result validates that our frame-
work’s ability to create complex, directed narratives is com-
parable to the leading proprietary solutions in the field.

C.2. Comparison with Closed-source Research
Models

We further situate our method by comparing it with the most
recent closed-source research work, LCT [3]. As the code
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Vidu

Kling 2.5 Turbo

Sora 2

Ours

Figure S2. Qualitative comparison with state-of-the-art commercial models. While Vidu and Kling 2.5 Turbo fail to interpret multi-
shot instructions and generate only a single, continuous clip, HoloCine successfully executes complex shot transitions. Our method
demonstrates narrative control and consistency comparable to the leading closed-source model, Sora 2, accurately rendering the sequence
from medium shots to close-ups as directed by the prompt.

Figure S3. Qualitative comparison with the closed-source model LCT [3]. Since the original prompts for LCT’s official examples are not
provided, we employed a VLM to generate captions from their videos. These VLM-generated captions were then used as input for our
method. The results are presented for a visual assessment of conceptual interpretation and sequence quality.

144 and model weights for LCT are not publicly available, a the demonstration cases provided on their official project 147
145 direct quantitative comparison is not feasible. website. Since the exact prompts used to generate the LCT 148
146 Therefore, we conduct a qualitative comparison using examples are not disclosed, we adopt a “re-captioning” 149
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[shot s ===y 7

[shot 3RMg==m=y 2

Figure S4. A failure case in causal reasoning. After an action
(pouring water, [Shot 2]) is applied to an object (empty glass, [Shot
1]), the model fails to render its logical consequence. It incorrectly
reverts to the initial empty state in [Shot 3], prioritizing visual con-
sistency over the action’s outcome.

methodology. Specifically, we first use a state-of-the-art
Video-Language Model (Gemini 2.5 pro [2]) to generate
descriptive captions for the videos showcased by LCT,
and then feed these VLM-generated captions directly as
prompts into our method.

As illustrated in Fig. S3, we present a qualitative com-
parison of the results. This qualitative analysis shows that
our method is capable of interpreting the same core con-
cepts and narratives derived from the LCT outputs, generat-
ing coherent and high-fidelity video sequences.

D. Limitations

While our model excels at maintaining visual consistency,
it exhibits limitations in causal reasoning. It can fail to
comprehend how an action should alter an object’s physi-
cal state. Fig. S4 illustrates this clearly. Given an empty
glass [Shot 1] and the action of water being poured into it
[Shot 2], the model fails to render the logical outcome. In-
stead, it regenerates the glass as empty in [Shot 3], prioritiz-
ing visual consistency with the initial shot over the physical
consequence of the action. This highlights a key challenge
for future work: advancing from perceptual consistency to
logical, cause-and-effect reasoning.

E. Discussion and Future Work

While our method has demonstrated strong performance in
generating high-quality, coherent multi-shot videos (as evi-
denced by our supplementary website), we identify several
promising avenues for future research and development.
Efficiency and deployment. A key challenge for practi-
cal deployment is the inference cost. Currently, generating
a one-minute video requires approximately one hour on a
single NVIDIA H800 GPU. We note recent works on accel-
eration, such as LightX2V [6], can distill 50-step models to
4 steps. Future work could integrate such techniques, po-
tentially reducing inference time to 5 minutes and signifi-
cantly enhancing user experience. Furthermore, leveraging
FP8 quantization could drastically reduce the model’s mem-
ory requirement, lowering deployment barriers.
Architectural enhancements. From an architectural per-
spective, the bi-directional attention paradigm could evolve
into a causal attention mechanism, enabling infinitely long

generation and reducing inference costs. Besides, for our
sparse inter-shot attention, we found that simply selecting
the first-frame token of each shot already achieves good re-
sults. Future work could consider further exploring differ-
ent design, like introducing learnable strategies.

Towards end-to-end film generation. To move closer to
genuine film production, introducing fine-grained controls
for reference characters or keyframes is crucial. Another
vital direction is audio-video co-generation(dialogue, mu-
sic, effects) to achieve true end-to-end film generation.
Memory and world models. We observed that our model
exhibits emergent memory capabilities, such as maintaining
character and stylistic consistency across long sequences.
This, to some extent, demonstrates the potential of large-
scale video models to serve as a base for World Models. Fu-
ture work could focus on explicitly scaling these models to
further enhance these emergent properties, exploring their
capabilities for more robust, long-range world state predic-
tion.

Open sourcing and community. To facilitate research and
progress within the community, we will open-source our
code and pre-trained models. We believe this will provide
a strong baseline for future multi-shot video generation and
encourage further innovation.
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