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A. Additional Training Details
This section provides expanded details on the training for-
mulation used in our model, including the unified three-shot
training setup and the construction of frame-level pseudo-
labels. These details complement Sec. 4.2 and Sec. 4.4 of
the main paper.

A.1. Unified Three-Shot Training
As discussed in Sec. 3 of the main paper, the dataset con-
tains videos with varying numbers of shots, with two-
shot sequences being the most common and three-shot se-
quences relatively fewer. Training directly on sequences of
non-uniform length leads to unstable optimization. To miti-
gate this, we unify all training samples into a three-shot for-
mat by synthesizing an additional shot for two-shot videos.
Synthetic shot construction. Given a two-shot sequence
(Sfirst, Slast), we create a synthetic shot Ssyn using one of:
(i) Cross-video insertion: inserting a shot randomly sam-

pled from another video.
(ii) Augmented-first-shot variant: applying spatial or color

transformations to Sfirst.
This results in synthetic triplets that, for each sample,

take one of the two forms:(
Sfirst, Ssyn, Slast

)
or

(
Ssyn, Sfirst, Slast

)
, (1)

while the real triplets are represented in the structure
(Sfirst, Ssecond, Slast). In all cases, Slast serves as the pre-
diction target.
Training objective. The model is trained to generate the
final shot Slast conditioned on the first two shots and its
caption Clast:

Lshot = E
[
Ldiff

(
G(Sfirst, Ssyn/second, Clast), Slast

)]
,
(2)

where Ldiff denotes a rectified-flow diffusion loss [1–3].
This unified formulation standardizes all training samples to
a consistent three-shot structure and enables unified three-
shot training, improving optimization stability.

A.2. Frame Relevance Pseudo-Labels

To assist the learning of the frame relevance scores S, we
construct frame-level pseudo-labels y = {yr}Fr=1 that ap-
proximate the relevance of each historical frame in M to
the target shot. The pseudo-labels incorporate both real and
synthetic frames introduced in Sec. A.1.

Real historical frames. For frames originating from real
historical shots, we compute cosine similarity between each
historical frame and the target shot using DINOv2 [4] and
CLIP [5] embeddings, producing a scalar relevance score.
These pseudo-labels help the Frame Selection module prior-
itize visually and semantically aligned frames while down-
weighting irrelevant ones.

Synthetic frames. Frames from synthetic shots introduced
in Sec. A.1 are assigned coarse relevance labels: yr = −1
for randomly inserted shots to indicate clear irrelevance,
and yr = 0 for augmented-first-shot variants to reflect par-
tial relevance. These labels explicitly guide the selector to
down-weight non-informative or misleading frames.

Supervision loss. The predicted relevance scores S are su-
pervised using a regression loss:

Lsel =
1

F

F∑
r=1

(sr − yr)
2, (3)

where sr = S[r] denotes the predicted relevance score for
the rth historical frame. The full training objective is given
by:

Ltrain = Lshot + λLsel, (4)

with λ controlling the weight of the selector supervision
loss. This joint optimization encourages the model to iden-
tify informative context frames while maintaining high-
fidelity generation.



B. Additional Details on Evaluation Bench-
mark

We construct a human-centric benchmark for both T2MSV
and I2MSV to evaluate multi-shot video generation under
realistic narrative conditions. As introduced in Sec. 3 of
the main paper, each shot is paired with a referential cap-
tion following a progressive narrative flow, reflecting real-
world storytelling. To comprehensively evaluate MSV per-
formance, the benchmark spans three canonical multi-shot
storytelling patterns:
1. Main-subject consistency. Multiple shots focus on the

same character(s), who may appear in different environ-
ments or perform different actions. This pattern evalu-
ates the model’s ability to preserve identity under various
cross-shot changes.

2. Insert-and-recall with an intervening shot. A shot
introducing a new scene, such as an environment-only
view or a new character, is inserted mid-sequence, after
which the narrative returns to the primary subject(s) and
later revisits the intervening shot. This pattern stresses
the model’s ability to maintain long-range memory and
remain robust to temporal distractors.

3. Composable generation. Characters introduced sep-
arately in earlier shots are composed together in later
shots. This tests whether the model can correctly inte-
grate multiple narrative threads into a coherent shared
scene.
In total, we curate 64 six-shot test cases for T2MSV and

64 six-shot test cases for I2MSV, covering a diverse range
of subjects, environments, and complex cross-shot relation-
ships, thereby ensuring comprehensive MSV performance
evaluation. More examples are provided in our Project
Page.

C. Additional Qualitative Results
Generating coherent multi-shot videos that faithfully follow
narrative captions is essential for real-world storytelling.
Here, we analyze our model from three perspectives, us-
ing examples from the main paper to illustrate its ability to
maintain continuity across shots. Additional video qualita-
tive results are available our Project Page.
Identity consistency. Our model preserves character iden-
tity across long-range shots under diverse variations. In the
1st example of Fig. 1 in the main paper, the same subject
remains consistent across changes in viewpoint (Shots 4, 5)
and actions (Shots 1, 3, 8). This illustrates the effectiveness
of our adaptive memory in maintaining stable long-range
identity cues.
Background details. Beyond character fidelity, our model
maintains consistent background details across shots, en-
abling spatially coherent story progression. In the 2nd ex-
ample of Fig. 1 in the main paper, fine-grained elements

such as plants and fences remain aligned from Shot 1 to
Shot 7 despite large cross-shot dynamics. Similarly, in the
3rd example, the red flowers reappear consistently across
Shots 1, 4, 5, 6, 7, and 9, demonstrating the model’s ability
to preserve scene layout and spatial structure.
Reappearance and composition. Realistic narratives of-
ten involve disappear–reappear patterns and the merging of
multiple narrative threads through composable generation.
Our model effectively recalls characters or environments
that reemerge after several intervening shots, e.g., Shots 4
and 9, or Shots 2 and 6 in the 2nd example of Fig. 1 in the
main paper. Furthermore, in Shot 7 of the same example,
the woman from Shot 1 and the man from Shot 4 appear to-
gether, demonstrating the model’s capacity to unify distinct
visual narratives into a coherent multi-subject scene.
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