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Abstract

Video diffusion models substantially boost the productivity of artistic workflows
with high-quality portrait video generative capacity. However, prevailing pipelines
are primarily constrained to single-shot creation, while real-world applications
urge multiple shots with identity consistency and flexible content controllability.
In this work, we propose EchoShot, a native and scalable multi-shot framework
for portrait customization built upon a foundation video diffusion model. To start
with, we propose shot-aware position embedding mechanisms within the video
diffusion transformer architecture to model inter-shot variations and establish
intricate correspondence between multi-shot visual content and their textual de-
scriptions. This simple yet effective design enables direct training on multi-shot
video data without introducing additional computational overhead. To facilitate
model training within multi-shot scenarios, we construct PortraitGala, a large-scale
and high-fidelity human-centric video dataset featuring cross-shot identity con-
sistency and fine-grained captions such as facial attributes, outfits, and dynamic
motions. To further enhance applicability, we extend EchoShot to perform refer-
ence image-based personalized multi-shot generation and long video synthesis with
infinite shot counts. Extensive evaluations demonstrate that EchoShot achieves
superior identity consistency as well as attribute-level controllability in multi-shot
portrait video generation. Notably, the proposed framework demonstrates potential
as a foundational paradigm for general multi-shot video modeling. Project page:
https://johnneywang.github.io/EchoShot-webpage.

1 Introduction

Recent advancements in Diffusion Transformer-based (DiT) model [34] have catalyzed transformative
progress in text-to-video (T2V) generation, enabling the synthesis of visually realistic single-shot
videos [10, 6, 4, 7, 3, 43]. In real-world content creation workflows, users frequently demand multi-
shot video generation with persistent subject consistency, particularly in human-centric applications
such as narrative storytelling, virtual try-on with background variations, and appearance attribute
editing. However, prevailing T2V models exhibit limitations in achieving identity consistency when
generating multiple human-centric videos, attributable to pre-training on independently fragmented
single-shot data and a lack of effective cross-shot post-training strategies.

To tackle this challenge, we present a novel multi-shot portrait video generation (MT2V) task.
As straightforward solutions, existing studies can be organized to perform this task through two
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[CAMERA] [ATTRIBUTE] [HAIRSTYLE] [APPAREL] [EXPRESSION] 

[BEHAVIOR]
stand still and talk
[BACKGROUND]

a blur lighting building

Consistent:
Shot 1:

[BEHAVIOR]
sit by the window, holding a cup of coffee, gently tasting it

[BACKGROUND]
in a cozy and romantic café

Shot 2: Shot 3:
[BEHAVIOR]

take a leisurely walk, gaze into the distance
[BACKGROUND]

on a vast beach, seagulls flying

[CAMERA] [ATTRIBUTE][HAIRSTYLE]
[EXPRESSION] [BEHAVIOR] [BACKGROUND]

Consistent:

Shot 1:
[APPAREL]

a white shirt layered
with a black vest

[APPAREL]
a blue denim jacket,

a striped shirt

Shot 2:
[APPAREL]

a red sweater with
white star patterns

Shot 3: Shot 2: Shot 3:Shot 1:
[HAIRSTYLE]

light brown, curly,
medium-length hair

[HAIRSTYLE]
silver, slicked-back

combed hair

[HAIRSTYLE]
red mohawk,
shaved sides

[ATTRIBUTE] [HAIRSTYLE] [APPAREL]

[CAMERA]
arc-shot, close-shot

[BEHAVIOR]
hand raised, index finger pointing forward

[BACKGROUND]
a small shop counter with various goods

Consistent:
Shot 1:

[CAMERA]
zoom out from close-shot to middle-shot

[BEHAVIOR]
stand still and smile, blink

[BACKGROUND]
low trees and hills visible in the distance

Shot 2: Shot 3:
[CAMERA]

zoom in from full-shot to middle-shot
[BEHAVIOR]

hold a phone in both hands, fingers swiping
[BACKGROUND]

a bedroom, pink wall, photos, posters

[CAMERA] [ATTRIBUTE] [HAIRSTYLE]

[APPAREL] a dark blue blazer, paired with a light-colored shirt
[EXPRESSION] smile, with soft eyes conveying friendliness and ease
[BEHAVIOR] raise her left hand then right hand to adjust her hair
[BACKGROUND] white walls with black-and-white photographs

Consistent:
Shot 1: Shot 2:

Consistent: [CAMERA] [ATTRIBUTE][APPAREL]
[EXPRESSION] [BEHAVIOR] [BACKGROUND]

[APPAREL] a white base sleepwear outfit with pink vertical stripes
[EXPRESSION] furrowed brows, downturned lips, sadness and sorrow
[BEHAVIOR] lean against headboard then cover chest with right hand
[BACKGROUND] a dark wooden headboard, red dotted wallpaper

Figure 1: Given multiple formatted prompts of the same character, EchoShot generates multi-shot
portrait videos showing the same appearance with superior fine-grained controllability.

paradigms: (1) Iterative personalized generation. This approach achieves cross-shot consistency
through recurrent applications of personalized text-to-video (PT2V) models [7, 53, 4, 3] but faces
challenges in terms of textual controllability and full-body consistency. To specify, the facial feature
guidance mechanism in PT2V models often leads to adversarial competition between identity preser-
vation and prompt adherence, reducing the controllability in aspects such as hairstyle, expressions,
and apparel. Moreover, these models, tailored for facial preservation, fail to maintain the whole body
consistency across generated videos. (2) Keyframe-to-video synthesis. This approach first generates
multiple keyframes using consistent text-to-image (CT2I) models [56, 42, 20, 44, 45] and transforms
them into multiple shots utilizing sophisticated image-to-video (I2V) models [4, 3, 43]. Although this
decoupled strategy partially mitigates the multi-shot consistency challenge, it fundamentally suffers
from the bottleneck effect and highly depends on the performance of CT2I models. The flaws of
keyframes, such as blur, distortion, and inconsistency, will severely degrade the quality of generated
videos. Besides, the absence of explicit identity conditioning in I2V models leads to progressive
degradation of facial consistency during temporal expansion, causing dynamic identity drift.

For these issues, we explore a novel paradigm for native multi-shot consistent video generation in this
work. Our motivation lies in the investigation of whether constructing a temporally coherent portrait
dataset and implementing domain-specific post-training strategies can enable the DiT architecture
to intrinsically model appearance-motion consistency across multi-shot videos. To this end, we
introduce EchoShot, an advanced multi-shot portrait video generation framework built upon the state-
of-the-art video DiT model Wan2.1-T2V [43], with our work contributing three core innovations: (1)
We propose PortraitGala, a large-scale portrait dataset comprising 250k one-to-one single-shot video
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clips and 400k many-to-one multi-shot video clips. Each video undergoes rigorous identity clustering
via facial embeddings and is annotated with granular captions covering facial attributes, dynamic
expressions, and scene conditions, ensuring strict consistency and fine-grained controllability in the
final generated videos. (2) To enable efficient multi-shot post-training based on the pretrained T2V
model, we integrate a new position embedding mechanism termed Temporal-Cut RoPE (TcRoPE)
into the DiT-based visual token self-attention module to resolve challenges in variable shot counts,
flexible shot durations, and inter-shot token discontinuities. In the video-text cross-attention module,
a Temporal-Align RoPE (TaRoPE) with a mismatch suppression mechanism is further introduced to
establish strict alignment between text descriptions and their corresponding video contents within each
shot. (3) Based on our trained EchoShot model, we further extend its capabilities by incorporating an
external facial encoder for reference image-based personalized multi-shot video generation (PMT2V),
and designing a disentangled RefAttn mechanism for infinite shots video generation (InfT2V). These
extensions highlight our model’s flexibility and generalization in real-world content creation.

Our experiments demonstrate that EchoShot excels in generating multi-shot portrait videos with
consistent cross-shot identity preservation, while supporting fine-grained attribute control and scene
manipulation. Comprehensive evaluations confirm its superiority over existing methods in quantitative
metrics and user studies, particularly in maintaining identity coherence under complex motions and
content variations, all within a native multi-shot video generation architecture.

2 Related Work

Video diffusion models. The video generation field has witnessed remarkable progress over the
past year, marked by Sora [10]’s pioneering adoption of a scalable DiT architecture. Subsequently,
both closed-source models like Kling [4], MovieGen [35], Hailuo [3], Veo2 [6] and Gen-4 [2], along
with open-source alternatives such as Open-Sora-Plan [27], CogVideoX [51], HunyuanVideo [24],
StepVideo [31], and Wan [43], have achieved remarkable and rapid advancements in video generation
quality. Key technical strides stem from architectural shifts from U-Net [36, 9] to DiT/MMDiT
[34, 15], the evolution from spatio-temporal [38, 16] to 3D full attention in video token interactions,
model optimization from DDPM [36] to flow matching [15], advanced Video-VAE [51, 43] and
enhanced text encoders [35, 24]. Despite advancements, existing methods are limited to single-shot
videos, and extending pretrained T2V models for multi-shot scenarios poses a critical challenge.

Consistent generation. Maintaining subject consistency across scenes has broad real-world applica-
tions, with early efforts focusing on image consistency for story visualization and comics. Techniques
include iterative use of personalized text-to-image models [26, 47, 18] for similarity preservation, or
leveraging self-attention mechanisms [56, 42] and in-context capabilities [20] for multi-image align-
ment. With advances in video generation, these approaches could be applied to keyframe generation,
combined with I2V models for multi-shot video synthesis. For example, VideoStudio [30] integrates
entity embeddings for appearance preservation, MovieDreamer [54] predicts coherent visual tokens
that are then decoded into keyframes, and VGoT [55] employs identity-preserving embeddings
for cross-shot consistency. However, challenges persist in achieving high-fidelity dynamic identity
consistency and controllability. Recent work explores fine-tuning T2V models for multi-event and
multi-shot generation. HunyuanVideo [24] supports two-shot generation through caption concatena-
tion. TALC [8] enhances temporal alignment with improved text conditioning, MinT [48] introduces
time-aware interactions and positional encoding, and LCT [17] extends single-shot models using
scene-level attention, interleaved 3D embeddings, and asynchronous noise strategies. While LCT
emphasizes cross-shot coherence via scripted entity descriptions, our method focuses on identity
consistency and text-guided control in multi-shot portrait generation.

Human video datasets. Diverse, large-scale human-centric video datasets are crucial for advanc-
ing portrait video generation. While existing high-quality portrait datasets like CelebV-HQ [57],
CelebV-Text [52], and VFHQ [49] primarily feature close-up heads or upper bodies, other action
datasets such as UCF101 [39], ActivityNet [11], Kinetics700 [12] suffer from inadequate visual
quality and inconsistent face visibility. Recently, OpenHumanVid [25] introduces a large-scale and
visually realistic dataset sourced from films, TV series, and documentaries for single-shot video
pretraining/fine-tuning. However, both specialized portrait datasets and general pre-training datasets
[13, 46] currently only offer single-shot video clips, leaving a critical gap in high-quality multi-shot
identity-consistent portrait video datasets.
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Figure 2: (a) The overall architecture of EchoShot, a multi-shot video generation paradigm, which
features two intricate RoPE mechanisms. (b) TcRoPE, a 3D-RoPE that rotates an extra angular
rotation at every inter-shot boundary along the time dimension. (c) TaRoPE, a 1D-RoPE that
differentiates between matching and non-matching shot-caption pairs. Note that the visualization
displays only one rotational component, with others excluded for simplicity.

3 Method

Overview. To accomplish multi-shot portrait video generation, we first review current single-shot
models in Sec. 3.1. As a foundation, we devise and train a multi-shot text-to-video (MT2V) modeling
paradigm in Sec. 3.2. We further tailor the personalized and infinite extensions in Sec. 3.3. All the
training is driven by a meticulously curated dataset in Sec. 3.4.

3.1 Preliminary: Single-shot T2V Generation

Given a video segment x during training, prevailing T2V models first encode it into a latent feature:
z = E(x), where E is a pretrained video encoder. The latent feature is then mixed with Gaussian
noise ϵ, becoming a noisy sample zτ . The training is driven by a denoising process of rectified
flow (RF) formulation [29, 15]: L = Eϵτ ,τ,z||(ϵ − z) − uϕ(zτ , τ, c)||2, where τ ∈ [0, 1] is the
denoising timestep, uϕ(·) is a denoising network and c is the embeddings of the textual description.
A typical implementation of uϕ(·) is a DiT, combining self-attention and cross-attention layers. In
the self-attention layers, given a 3D-position-indexed query or key vector f sa

t,h,w ∈ Rd, 3D Rotary
Position Embedding (RoPE) [15] adds dimension-wise position information to it, forming f̃

sa
t,h,w:

f̃
sa
t,h,w = 3D-RoPE(f sa

t,h,w, t, h, w) = Rd
Θ3D,t,h,w f sa

t,h,w, (1)

where Rd
Θ3D,t,h,w represents a 3D rotation matrix determined by the positional index and a set of base

angles Θ3D. Details are provided in the Appendix. Notably, RoPE is generally excluded from cross-
attention layers. While single-shot T2V models can generate portrait videos, extending this capability
to multi-shot T2V models while preserving consistent identity remains a significant challenge.

3.2 Modeling Multi-shot T2V Generation for Consistent Identity

This task focuses on generating coherent multi-shot portrait videos that exhibit consistent identity
across all shots while allowing flexible, user-defined control over both content and appearance. During
training, each instance consists of a multi-shot video paired with corresponding frame counts and
textual descriptions for each shot: {xs, ns, ps}S−1

s=0 , where S denotes the total number of shots. Here,
ns represents the frame count for the s-th shot, and ps specifies its textual prompt. During inference,
users are empowered to define the desired frame counts and prompts for S′ shots: {ns, ps}S

′−1
s=0 ,

enabling customized multi-shot video generation with consistent identity. This task presents three
key challenges compared to single-shot video generation:
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• Variable Shot Lengths: Each shot’s duration (i.e., frame count) can be flexibly defined by
the user, accommodating diverse temporal requirements without imposing rigid constraints.

• Identity Consistency Across Shots: The generated video must ensure that all shots depict the
same individual identity, maintaining seamless visual coherence throughout the sequence.

• Text-Driven Control of Each Shot: Both the background and foreground in each shot are
controlled via textual prompts, enabling precise customization of scenes and characters.

Identifying the inter-shot boundary via TcRoPE. Starting with S training video segments, a video
encoder is first utilized to separately encode them into compressed latent features zs, as shown in
Fig. 2(a). Then, the latent features are further projected into query, key, and value embeddings to
prepare for the self-attention mechanism. To preserve relative positional and temporal information, in
vanilla 3D-RoPE, query and key embeddings require being modulated by the indexes of time, height,
and width. However, such temporal index modulation is based on the assumption of continuous video
content, which is not suitable for multi-shot scenarios with discontinuous video content. For example,
the final frame of the first shot should correlate strongly with its preceding frame and weakly with the
subsequent frame (i.e., the initial frame of the second shot). To model such an intricate correlation, as
shown in Fig. 2(b), we raise TcRoPE to modulate the query and key embeddings, which incorporates
a rotary phase shift between every two shots. For the feature embedding asa

t,h,w,s at time t, height h,
width w, and shot s, the processed feature can be denoted as:

f̃
sa
t,h,w,s = TcRoPE(f sa

t,h,w,s, t, h, w, s) = 3D-RoPE(f sa
t,h,w,s, t+ s · j, h, w), (2)

where j is the phase shift scale. Intuitively, TcRoPE delineates the inter-shot boundary along the
whole timeline concisely via an extra angular rotation. This method paves the way for precise control
over the number of shots and the duration of each shot.

After the self-attention process, single-shot T2V models indiscriminately fuse semantic and visual
modalities without incorporating positional information. In multi-shot scenarios, a straightforward
approach is to concatenate all shot-wise captions into a single comprehensive caption. However, this
method imposes limitations on the length of each shot-wise caption, given that the total caption must
remain within the input window size of the text encoder.

Associating the semantic and visual modality via TaRoPE. Therefore, it is necessary to establish a
shot-wise intricate correspondence when processing multi-shot videos and their associated captions.
Specifically, the query of a specific shot should fully interact with the key of its corresponding
caption, while maintaining a limited interaction with the keys of other captions, because simply
ignoring interactions with other captions would risk discarding potentially useful supplementary
details that could enhance the representation of the shot. To achieve such delicate interactions, we
first input the captions separately into the text encoder to generate their respective embeddings. These
embeddings are then concatenated to form the complete caption representation. Subsequently, as
shown in Fig. 2(c), we propose TaRoPE to modulate the visual query embeddings and textual key
embeddings. Given the i-th feature embedded in shot s, the processed feature can be expressed as:

f̃
ca
i,s = TaRoPE(f ca

i,s, s) = 1D-RoPE(f ca
i,s, s · k), (3)

where k is a hyperparameter that controls the mismatch suppression scale. Following feature
modulation, attention calculation is performed, and the attention score between the query of s1-th
shot and the key of s2-th shot is given by:

Ãs1,s2 = As1,s2 · δ(k|s1 − s2|), (4)
where As1,s2 represents the standard vanilla attention, and δ(·) is a monotonically decreasing function
within a specific input interval, with f(0) = 1. Detailed derivation is provided in the Appendix.
Consequently, the attention between the matched query and key (i.e., when s1 = s2) remains identical
to that in vanilla models. In contrast, the attention between unmatched pairs is suppressed, controlled
by k. Finally, the processed features are passed through an FFN to generate the output.

Our proposed TcRoPE supports variable shot lengths and counts, while TaRoPE enables text-driven
control of each shot. The multi-shot training paradigm inherently ensures identity consistency across
all shots. Notably, the two proposed RoPE mechanisms introduce no additional parameters.

3.3 Towards Personalized and Infinite Multi-shot T2V Generation

PMT2V. The aforementioned method enables the model to generate video segments while preserving
consistent identity. However, a key application involves extending the model’s capability to generate
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(a) PMT2V pipeline
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RefAttn
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Figure 3: Two enhanced pipelines based on MT2V model. (a) PMT2V pipeline, with an integrated
conditioner branch, generates multi-shot portrait videos of a given face input. (b) InfT2V pipeline
creates infinite shots of the same person across multiple generation attempts, enabled by RefAttn,
which disentangles the first shot as a constant reference.

(a) Caption case (b) Word cloud of captions (c) Distribution of shot-wise IDs
Number of shots

N
um

be
r o

f I
D

s (
lo

g 
sc

al
e)

247,831
107,590

25,198

6,605 6,914

650,000 video clips
400,000 IDs
1,000 hours

This is a tilt-down middle-shot clip of a Caucasian, youth, female.
The hairstyle is short, golden-brown with the ends curled inward, with a side bang ...
The apparel is a dark gray, long-sleeve dress, ... , along with a necklace ...
The expression is slight concern, the facial muscles are somewhat tense ...
The behavior is walking down a staircase, with her right hand gripping the handrail ... 
The background is a modern-style house interior, open staircase made of wood ... 
The lighting is soft natural light, entering through the window, illuminating ...

Figure 4: (a) A caption case of PortraitGala. Each clip is thoroughly captioned in the fine-grained
format. (b) The word cloud reflects the comprehensiveness of the captions. (c) PortraitGala consists
of 650,000 clips with 400,000 IDs, totaling a video duration of 1,000 hours.

video segments corresponding to a user-specified image. To achieve this goal, as illustrated in
Fig. 3(a), we incorporate a conditioning branch to encode the face input using a face encoder, which
consists of ArcFace [14] and CLIP-G [41]. The resulting face embeddings are concatenated with
the semantic embeddings of each text prompt, modulated by TaRoPE, and subsequently fed into the
cross-attention layers. The denoising network is fine-tuned from the MT2V weights, guided by the
standard RF loss.

InfT2V. In real-world applications, life-long video generation with an infinite number of shots for the
same individual is required. A natural approach is to fix the first shot as a reference across multiple
generation attempts while varying the remaining shots. The inherent dynamics of the full-attention
mechanism update the denoising path of each shot based on the fixed noise input from the first shot
and the random noise inputs from remaining shots, resulting in variations in the first shot across
different generation attempts. To address this issue, we disentangle the first shot using RefAttn, as
illustrated in Fig. 3, which computes two attention weight matrices:

A1 = Q1 ×K1, A2 = [Q2, . . . ]× [K1, . . . ], (5)

where [·] is concatenation operation. Here, A1 is employed to update the first shot, while A2 is
utilized to update the remaining shots. Integrating RefAttn, the model undergoes a quick fine-tuning
to learn this new pattern. During inference, we maintain the noise, length, and prompt of the first shot
unchanged across different generations, providing a fixed reference. As we change the prompts of the
remaining shots, our method generates infinite shots while preserving the identity of the first.

3.4 PortraitGala: The First Multi-shot Portrait Video Dataset

Data processing. To support training, we meticulously construct a high-quality and large-scale
human portrait dataset through an incremental process: 1) collect a raw data pool from diverse
sources, including movies, episodes, open-source dataset, etc.; 2) filter by aspect ratio, resolution,
and other criteria; 3) slice into single-shot clips using PySceneDetect [5]; 4) detect human face [23]
and retain single-person clips; 5) identity many-to-one clips showing the same person using in-house
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[ATTRIBUTE] Asian, female, youth     [HAIRSTYLE] short, dark brown hair, slightly inward-curled ends

[CAMERA]
tilt-up, middle-shot
[EXPRESSION]

first focus and calm, then a little serious
[BEHAVIOR]

first sit at desk, then stand up and stare ahead
[BACKGROUND]

office desk cluttered with files, with a window

Consistent:
Shot 3:

[APPAREL]
dark blue shirt with blue ID badge, white T-shirt underneath

Shot 1: Shot 2:

[CAMERA]
static, close-shot
[EXPRESSION]

painful and sorrow
[BEHAVIOR]
burst out cry

[BACKGROUND]
in pantry, water dispenser

[APPAREL]
white long-sleeve shirt, light blue skirt, canvas bag

[CAMERA]
hand-hold, middle-shot

[EXPRESSION]
happy, expectant and friendly

[BEHAVIOR]
open a brown door, body emerging from behind it

[BACKGROUND]
 white walls with switch and controller

[APPAREL]
blue fine-striped blazer

[CAMERA]
static, close-shot
[EXPRESSION]

serious and focus
[BEHAVIOR]

hold phone and speak
[BACKGROUND]

 inside a car

Shot 4:

inconsistent identity, not follow prompts 

St
or
yD

iff
us
io
n+
W
an

inconsistent identity, dynamic drift, not follow promptsIC
-L
oR

A
+W

an
H
un
yu
an
V
id
eo

not support more than two shots

inconsistent identity, not follow prompts, cross-shot prompt intermingling

naturally support numerous shots, consistent details, highly align with shot-wise prompts, fine-grained controllability

Figure 5: Illustration of EchoShot and baselines in the MT2V task. Key prompts are marked blue.
Our method demonstrates superior appearance consistency and fine-grained controllability.

facial embedding extraction and clustering pipeline; 6) remove duplicate videos showing similar
content; 7) attach attribute labels, text descriptions, and other necessary structured information based
on Gemini 2.0 Flash [1].

Data format and statistics. We deconstruct the content of portrait videos into 8 aspects and establish
a unified caption format. To specify, as shown in Fig. 4(a), every clip is annotated with the format "Th
is is a [CAMERA] of a [ATTRIBUTE].[HAIRSTYLE].[APPAREL].[EXPRESSION].[BEHAV
IOR].[BACKGROUND].[LIGHTING].". The word cloud in Fig. 4(b) reflects the comprehensiveness
of our detailed captions, which endows our model with fine-grained controllability of the generated
videos. As a result of the curation pipeline, we ultimately build up PortraitGala, which consists of
600k clips showing 400k identities, totaling a video duration of 1k hours. As depicted in Fig. 4(c),
our dataset includes 247k single-shot IDs, 107k two-shot IDs, 25k three-shot IDs, and so on, which
lays a solid foundation for our multi-shot training paradigm.

4 Experiments

Implementation details. EchoShot is implemented based on Wan-1.3B [43]. Throughout the three
tasks, we set the resolution to 832×480 and use a fixed 125 frames, which is equivalent to 7.8 seconds
in the real world. We set the phase shift scale j to 4 and the mismatch suppression scale k to 6. The
training dataset consists of one-third one-to-one data and two-thirds many-to-one data, and the shot
number S varies from 1 to 4. The length of each shot is randomly sampled. All the training is driven
by the standard RF loss. The MT2V pretraining takes about 3,500 NVIDIA A100 GPU hours. The
PMT2V model and InfT2V model are fine-tuned based on the MT2V weights.
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D

inconsistent clothes, inconsistent artistic style, doesn't follow prompts bias to reference, doesn't follow prompts, inconsistent identity

[EXPRESSION] relaxed and cheerful
[BEHAVIOR] sit in a rocking chair
[BACKGROUND] on a sunlit porch, lush green grass behind

[HAIRSTYLE] light golden hair with a black hairband[HAIRSTYLE] short, gray hair
[APPAREL] wearing a cardigan and a tie

Consistent:

Shot 1:
[EXPRESSION] serious and focused
[BEHAVIOR] sit on sofa, hold a white vintage telephone
[BACKGROUND] in a luxuriously decorated room

Shot 2:

[EXPRESSION] serene and calm
[BEHAVIOR] rest on a park bench, with his eyes closed
[BACKGROUND] in a vibrant park, with dense trees

Shot 3:

Consistent:

Shot 1:

Shot 2:

Shot 3:

Face input: Face input: [APPAREL] wear a light blue shirt
[EXPRESSION] happy and joyful
[BEHAVIOR] raise head slightly and is speaking
[BACKGROUND] in a dark forest with mist

[APPAREL] wear a red short-sleeved dress, with glasses
[EXPRESSION] worried and uneasy
[BEHAVIOR] stand still, gaze downward
[BACKGROUND] in a dark forest with mist

[APPAREL] wear a black dress
[EXPRESSION] extremely sad and painful
[BEHAVIOR] tears welling up, reddened eyelids
[BACKGROUND] a brown wall adorned with tree patterns

inconsistent clothes, limited visual quality bias to reference, doesn't follow prompts, limited visual quality 

consistent appearance, vivid expressions, highly aligns with prompts, fine-grained controllability, good visual quality 

Figure 6: Illustration of EchoShot and baselines in PMT2V task. Baselines exhibit severe bias, poor
consistency, and limited controllability, while our method demonstrates superior overall quality.

Figure 7: Illustration of EchoShot in InfT2V task. Our method succeeds in generating infinite shots
(10 here) showing the same identity.

Baselines. To evaluate the performance of EchoShot, we compare it with a variety of baselines. For
MT2V, we include (1) keyframe-based pipelines, StoryDiffusion [56]+Wan-I2V [43] (SD+W) and
IC-LoRA [20]+Wan-I2V [43] (IC+W), (2) HunyuanVideo [24], which supports two shots generation.
For PMT2V, we include (1) open-source ConsisID [53], (2) closed-source Kling [4]. All model
settings are kept at their default values.

Benchmark. To provide an objective assessment, we instruct LLM to generate 100 sets of multi-shot
prompts in the portrait caption format. The prompts are transformed into different versions to match
the different text input lengths of baselines. We encompass metrics from three different aspects: (1)
Identity consistency. Following [53], we use FaceSim-Arc [14] and FaceSim-Cur [21] to measure the
facial consistency across different generated shots. (2) Prompt controllability. We instruct VLM to
score the alignment between the video and the corresponding prompt in three dimensions: human
appearance (App.), camera and human motions (Mot.), background and lighting (Bg.). (3) Visual
quality. Since traditional metrics may not faithfully reflect human preferences, we follow [22] to
instruct VLM to score in two dimensions. Static quality (Sta.) covers clarity, color saturation, content
layout, etc. Dynamic quality (Dyn.) covers smoothness, temporal consistency, reasonableness, etc.
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Method Identity consistency Prompt controllability Visual quality
FaceSim-Arc FaceSim-Cur App. Mot. Bg. Sta. Dyn.

StoryDiffusion+Wan-14B 68.65 65.29 83.33 72.50 69.53 63.20 84.68
IC-LoRA+Wan-14B 68.45 65.04 87.59 83.71 75.37 79.49 87.98

HunyuanVideo-13B (2 shots) 64.80 61.25 83.39 68.15 72.37 86.37 87.22
EchoShot-1B (ours) 73.74 69.43 95.84 88.86 94.72 88.91 87.85

Table 1: Metric results in MT2V task. Requiring only 1B parameters, EchoShot tops the scoreboard
compared to baselines. The best and second-best scores are denoted bold and underlined.

4.1 Qualitative Evaluation

MT2V. As shown in Fig. 5, limitations of baselines are observed: (1) The performance of the
keyframe-based pipelines is constrained by keyframe priors. To specify, SD+W fails to follow
the detailed prompts (e.g., blue blazer, ID badge), and the visual style appears unnatural. Both
SD+W and IC+W exhibit suboptimal consistency across shots. (2) The keyframe-based pipelines
exhibit progressive degradation of facial consistency during temporal expansion. For example, the
crying person in shot #2 generated by IC+W shows obvious inconsistency with other shots. (3)
Simply concatenating the multi-shot prompts, adopted by HunyuanVideo, causes the intermingling
of prompts of different shots and inferior controllability. For instance, in the videos generated by
HunyuanVideo, the window intended for shot #1 unexpectedly appears in shots #2. By contrast,
benefiting from the multi-shot modeling, our EchoShot generates numerous shots with consistent
details as well as fine-grained controllability, demonstrating superiority over the baselines. Notably,
EchoShot is able to generate a coherent sequence of human actions, such as the "body emerging from
behind the door" in shot #2, whereas keyframe-based approaches struggle to achieve.

PMT2V&InfT2V. Fig. 6 illustrates the comparison between our method and baselines in PMT2V
task. Primarily trained on a one-to-one portrait dataset, both ConsisID and Kling exhibit severe bias
to the reference image and fail to follow the prompts (e.g., the hairstyle and expressions of Emma
Watson). Besides, the repeated generation process lacks the ability to maintain consistency across
different shots (e.g., the clothes of Morgan Freeman). By contrast, with many-to-one modeling and
shot-aware mechanisms, our method achieves consistent appearance, vivid expressions, and precise
controllability across shots. Additionally, we visualize the performance of our method in InfI2V task
in Fig. 7. Thanks to the RefAttn mechanism, our method is able to generate infinite shots of freely
customized prompts while maintaining the same identity of the character.

4.2 Quantitative Evaluation

Identity consistencyPrompt controllability Visual quality
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Figure 8: User study. The overall high winning
rate proves that EchoShot better aligns with human
preferences.

Metric results. Tab. 1 shows the quantitative
metrics of EchoShot and baselines in MT2V.
For identity consistency, our method scores the
highest 73.74% on FaceSim-Arc and 69.43%
on FaceSim-Cur, achieving strong cross-shot
identity consistency. In terms of prompt con-
trol, our method remarkably scores 95.84%
App., 88.86% Mot., and 94.72% Bg., surpassing
the baselines by a large margin. Besides, our
method scores 88.91% Sta. and 87.85% Dyn.,
both top-tier. The results prove the overall ad-
vantages and the effectiveness of our method.

User study. To present a human-aligned assess-
ment of MT2V, we further conduct a user study
involving 20 participants. They are asked to per-
form binary voting in 45 one-on-one matchups
between our method and baselines in terms of
the above-mentioned three aspects. As shown in Fig. 8, our method wins at least 70% matchups for
identity consistency and prompt controllability, as well as at least 50% matchups for visual quality.
The user study reconfirms the superiority of our method, which echoes the metric results.
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[ATTRIBUTE] Caucasian, male, middle-aged [HAIRSTYLE] Short, curly, deep brown hair, voluminous and messy

[CAMERA]
static, close-shot

[APPAREL]
light blue and white checkered shirt, collar open, round glasses

[EXPRESSION]
serious, slightly worried

[BEHAVIOR]
slight head movement, lips opening and closing while speaking

[BACKGROUND]
in an office, gray walls with windows, black cabinet with stacked files and folders

Consistent:
Shot 2:Shot 1:

[CAMERA]
static, middle shot

[APPAREL]
light blue shirt, blue tie, white diagonal stripes, round glasses

[EXPRESSION]
focused eyes, slightly tired

[BEHAVIOR]
sit at a desk, right hand in a fist on the table

[BACKGROUND]
 another office, venetian blinds, black phone, cabinet, files

SimpleConcat
4.6 s 3.2 s

no cut, prompts intermingling (apparel, background)

SimpleConcat + TcRoPE

SimpleConcat + TcRoPE + TaRoPE (full)

Cut timestamp

prompts intermingling (apparel, background)

perfect cut position, precise prompt adherence

Figure 9: Illustration of generated videos of three ablation models, which confirms that TcRoPE and
TaRoPE mechanisms perform as expected.

4.3 Ablation Study

To verify the effectiveness of each proposed mechanism, we carry out an ablation study. For rapid
assessment, we build a reduced-scale dataset for ablation training. We construct three ablation
models: (1) SimplyConcat (SC), which concatenates the videos and the captions from different
shots indiscriminately, and applies vanilla RoPE. (2) SC+TcRoPE, which only applies the TcRoPE
mechanism. (3) SC+TcRoPE+TaRoPE is our full method. As shown in Fig. 9, SC struggles to
recognize the difference between shots, causing failure of shot transition. Though it occasionally
generates multi-shot videos, the shot transition positions are elusive and uncontrolled. With the
modeling of shot-wise boundaries, SC+TcRoPE enables shot transitions at given timestamps. Yet,
both SC and SC+TcRoPE exhibit an intermingling effect between prompts from different shots (e.g.,
the clothes are the same across shots, though given different descriptions), likely caused by simple
caption concatenation. In contrast, our full method demonstrates precise shot-wise prompt adherence
without intermingling.

5 Conclusion

We introduce EchoShot, a novel framework for multi-shot portrait generation that addresses the
limitations of existing single-shot pipelines. EchoShot achieves high-quality, identity-consistent
multi-shot video synthesis with flexible user-defined control over content and appearance through two
shot-aware RoPE mechanisms: TcRoPE and TaRoPE. Furthermore, we develop PortraitGala, a large-
scale, high-fidelity human-centric video dataset designed to support cross-shot identity consistency
and fine-grained controllability. Extensive experiments confirm that EchoShot surpasses existing
methods in both quantitative metrics and qualitative assessments. Notably, EchoShot provides a
promising solution to enhance artistic workflows in real-world applications.

Limitation. Our framework currently lacks the capability to directly extend shots from previous
content, thereby limiting the generation of longer, continuous video segments within a single shot.
Additionally, generating consistent multi-subject scripts is a promising direction for future work.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We accurately reflect our contributions and scope in the abstract and introduc-
tion.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations in Conclusion.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
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Justification: We provide the theoretical analysis in Method and Appendix.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We submitted codes in the supplementary materials. We try to describe all the
necessary details in Experiment and Appendix.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We submitted codes in the supplementary materials. We will release the model
and the dataset officially online with detailed instructions after preparations.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
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• The answer NA means that the paper does not include experiments.
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Answer: [Yes]
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.
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Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: We will provide documentation when we officially release the codes.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: We include the instructions of user study in Appendix.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [Yes]
Justification: We discuss the related issues in Appendix.
Guidelines:
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
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A Mathematical Formulation

A.1 Derivation of Rotary Position Embedding

In Sec. 3.1, we introduce Rotary Position Embedding (RoPE) in vanilla models. Based on it, we
propose two shot-aware mechanisms, TcRoPE and TaRoPE. Here, we provide the complete denotation
of RoPE, following [40].

1D-RoPE. The proposed TaRoPE is based on 1D-RoPE, which is intended for sequential modality
along a single dimension. Given a position-indexed query qm ∈ Rd or key vector km ∈ Rd,
1D-RoPE can be expressed as:

q̃m = 1D-RoPE(qm,m) = Rd
Θ1D,m qm, (6)

k̃m = 1D-RoPE(km,m) = Rd
Θ1D,m km, (7)

where Rd
Θ1D,m is the rotary matrix, denoted as:

cosmθ1 − sinmθ1 0 0 · · · 0 0
sinmθ1 cosmθ1 0 0 · · · 0 0

0 0 cosmθ2 − sinmθ2 · · · 0 0
0 0 sinmθ2 cosmθ2 · · · 0 0
...

...
...

...
. . .

...
...

0 0 0 0 · · · cosmθ d
2

− sinmθ d
2

0 0 0 0 · · · sinmθ d
2

cosmθ d
2


, (8)

with pre-defined parameters Θ1D = {θi = 10000
−2(i−1)

d , i ∈ [1, 2, · · · , d
2 ]}. Thus, the proposed

TaRoPE in Eq. (3) can be further written as:

q̃ca
i,s = TaRoPE(qca

i,s, s) = 1D-RoPE(qca
i,s, s · k) = Rd

Θ1D,s·k qca
i,s, (9)

k̃
ca
i,s = TaRoPE(kca

i,s, s) = 1D-RoPE(kca
i,s, s · k) = Rd

Θ1D,s·k kca
i,s. (10)

3D-RoPE. The proposed TcRoPE is based on 3D-RoPE, which is an extension of 1D-RoPE tailored
for video modality. Given a 3D-position-indexed qt,h,w ∈ Rd or key vector kt,h,w ∈ Rd, 3D-RoPE
can be denoted as:

q̃t,h,w = 3D-RoPE(qt,h,w, t, h, w) = Rd
Θ3D,t,h,w qt,h,w, (11)

k̃t,h,w = 3D-RoPE(kt,h,w, t, h, w) = Rd
Θ3D,t,h,w kt,h,w, (12)

where Rd
Θ3D,t,h,w can be denoted as:



cos tθ1 − sin tθ1 · · · 0 0 0 0 · · · 0 0 0 0 · · · 0 0
sin tθ1 cos tθ1 · · · 0 0 0 0 · · · 0 0 0 0 · · · 0 0

...
...

. . .
...

...
...

...
. . .

...
...

...
...

. . .
...

...
0 0 · · · cos tθ d

6
− sin tθ d

6
0 0 · · · 0 0 0 0 · · · 0 0

0 0 · · · sin tθ d
6

cos tθ d
6

0 0 · · · 0 0 0 0 · · · 0 0

0 0 · · · 0 0 coshθ1 − sinhθ1 · · · 0 0 0 0 · · · 0 0
0 0 · · · 0 0 sinhθ1 coshθ1 · · · 0 0 0 0 · · · 0 0
...

...
. . .

...
...

...
...

. . .
...

...
...

...
. . .

...
...

0 0 · · · 0 0 0 0 · · · coshθ d
6

− sinhθ d
6

0 0 · · · 0 0

0 0 · · · 0 0 0 0 · · · sinhθ d
6

coshθ d
6

0 0 · · · 0 0

0 0 · · · 0 0 0 0 · · · 0 0 coswθ1 − sinwθ1 · · · 0 0
0 0 · · · 0 0 0 0 · · · 0 0 sinwθ1 coswθ1 · · · 0 0
...

...
. . .

...
...

...
...

. . .
...

...
...

...
. . .

...
...

0 0 · · · 0 0 0 0 · · · 0 0 0 0 · · · coswθ d
6

− sinwθ d
6

0 0 · · · 0 0 0 0 · · · 0 0 0 0 · · · sinwθ d
6

coswθ d
6


(13)

with pre-defined parameters Θ3D = {θi = 10000
−2(i−1)

d , i ∈ [1, 2, · · · , d
6 ]}. Thus, the proposed

TcRoPE in Eq. (2) can be further written as:

q̃sa
t,h,w,s = TcRoPE(qsa

t,h,w,s, t, h, w, s) = 3D-RoPE(qsa
t,h,w, t+s·j, h, w) = Rd

Θ3D,t+s·j,h,w qsa
t,h,w,s,

(14)
k̃

sa
t,h,w,s = TcRoPE(ksa

t,h,w,s, t, h, w, s) = 3D-RoPE(ksa
t,h,w, t+s·j, h, w) = Rd

Θ3D,t+s·j,h,w ksa
t,h,w,s.
(15)
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A.2 Proof of Claim about Attention Score with TaRoPE

In Eq. (4), we give a concise formulation of the attention score after TaRoPE with claims. We provide
a detailed proof of the claim here. Given queries of the s1-th shot qs1 and keys of the s2-th shot ks2 ,
if we divide them into 2-component pairs along the channel dimension, the inner product of their
TaRoPE-enhanced representations can be written as a complex number multiplication:

Ãs1,s2 = (Rd
Θ,ks1qs1)

T(Rd
Θ,ks2ks2)

= Re

[ d
2−1∑
i=0

qs1,[2i:2i+1]k
∗
s2,[2i:2i+1]e

ik(s1−s2)θi

]

=

d
2−1∑
i=0

(qs1,2i ks2,2i + qs1,2i+1 ks2,2i+1) cos (k(s1 − s2)θi)

+ (qs1,2i ks2,2i − qs1,2i+1 ks2,2i+1) sin (k(s1 − s2)θi),

(16)

where ks1,[2i:2i+1] represents the 2ith to (2i+ 1)th components of ks1 and ks1,2i represents the 2ith
component of ks1 . Note that the scalar k without subscripts is the mismatch suppression scale. When
qs1 and ks2 are from the same shot (i.e., s1 = s2), Eq. (16) can be simplified as:

Ãs1,s2 =

d
2−1∑
i=0

(qs1,2i ks2,2i + qs1,2i+1 ks2,2i+1) = qs1 ks2 = As1,s2 , (17)

which indicates that the attention score with TaRoPE remains exactly the same as that without
TaRoPE.

To investigate the behavior of Eq. (16) as k(s1 − s2) varies, we follow [40] to denote
hi = q[2i:2i+1]k

∗
[2i:2i+1], Sj =

∑j−1
i=0 ei(s1−s2)θi , and let h d

2
= 0, S0 = 0, we can rewrite

Eq. (16) using Abel transformation:
d
2−1∑
i=0

q[2i:2i+1]k
∗
[2i:2i+1]e

i(s1−s2)θi =

d
2−1∑
i=0

hi(Si+1 − Si) = −
d
2−1∑
i=0

Si+1(hi+1 − hi). (18)

|
d
2−1∑
i=0

q[2i:2i+1]k
∗
[2i:2i+1]e

i(s1−s2)θi | = |
d
2−1∑
i=0

Si+1(hi+1 − hi)|

≤
d
2−1∑
i=0

|Si+1||(hi+1 − hi)|

≤
(
max

i
|hi+1 − hi|

) d
2−1∑
i=0

|Si+1|

≤
d
2−1∑
i=0

|Si+1|

. (19)

We plot the graph of the value of f(x) =
∑ d

2−1
i=0 |Si+1| as x = k(s1 − s2) varies in [0,50] in Fig. 10,

which shows a monotonically decreasing function. By synthesizing the above derivations, we arrive
at the conclusion of Eq. (4).
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Figure 10: Graph of the attention score f(x) as x varies.

B Details of PortraitGala

B.1 Data Processing

We detail the construction of the PortraitGala dataset here, adhering to the methodology outlined
in Sec. 3.4. The PortraitGala dataset comprises a collection of video resources, drawing from
three primary sources: 1) publicly available, high-quality portrait datasets such as CelebV-HQ [57]
and CelebV-Text [52]; 2) subsets extracted from large-scale, open-source video datasets including
OpenVid-1M [33] and OpenHumanVid [25]; and 3) a selection of videos obtained from various web-
sites, encompassing both films and television series. In its entirety, the original dataset encompassed
26,967 hours of video footage.

The curation process began with rigorous filtering of raw video material to ensure quality and rele-
vance. Specifically, we eliminated videos exhibiting vertical aspect ratios or substandard resolution,
retaining only those conforming to the criteria: width > height > 480 pixels. Given the extended
duration of many source videos and the presence of multiple camera shots within them, we employed
PySceneDetect [5] to segment these videos into discrete, single-shot clips. Furthermore, to maintain
high aesthetic quality, clips with an aesthetic score, as determined by [37], below a threshold of 4
were discarded.

To ensure that each video clip in PortraitGala featured only one individual, we implemented a person
counting procedure leveraging YOLOv11 [23] for person detection and tracking. Subsequently,
person identities were assigned using an improved version of HDBSCAN [32], a density-based
clustering algorithm, coupled with a proprietary facial embedding extraction technique. A remaining
challenge was the identification and removal of near-duplicate video clips depicting the same indi-
vidual performing similar actions within a consistent setting. To address this, we simply employed
Non-Maximum Suppression based on the detected person bounding boxes, specifically for videos
with matching person IDs. Through rigorous manual verification, we achieve a clustering accuracy
exceeding 99%, demonstrating that all video clips assigned identical identifiers consistently depict
the same individual throughout.

Finally, attributes pertaining to camera shot composition and shot type were derived using internal
analytical methods. Supplementary attribute labels and descriptive text were generated with the aid
of Gemini 2.0 Flash [1] using the prompt below.

1. You are now going to describe the film for audience. The description should be as detailed,
comprehensive, and logical as possible.

2. The output must be in English, around 600 words.

3. Do not use vague words such as "appear to be" or "seem." Your descriptions must be
definitive, precise, and highly accurate.
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4. There is only one main person, and all descriptions revolve around this person.
5. All sentences must be affirmative statements. No questions or negative sentences are allowed.
6. Do not determine the gender of the main character. Use "the person," "the person is," or

"the person’s" as pronouns.
7. Please provide a description of the entire video, rather than describing each individual image.
8. Each input requires descriptions of the following eight aspects, with each aspect not ex-

ceeding 100 words, and the key points of the descriptions between the aspects should not
overlap:
(a) Hairstyle: Provide a detailed and comprehensive description of the hairstyle of the

person. Start with ’The person’s hair ...’.
(b) Expression: Provide a detailed and comprehensive description of the expressions and

emotions of the person. (If there are any temporal changes in expression, also need
describe in detail.) Start with ’The person’s expression ...’.

(c) Apparel: Provide a detailed and comprehensive description of the clothing worn by
the person (including lower body garments if visible). If there are accessories (e.g.,
glasses, earrings, watches), describe them as well. Start with ’The person wears ...’.

(d) Behavior: Provide a detailed and comprehensive description of the behavior of the
person (e.g., actions, interactions with objects). Start with ’The person ...’.

(e) Background: From the perspective of film set design, provide a detailed and compre-
hensive description of the background and environment. Start with ’The background
...’.

(f) Lighting: From the perspective of film analysis, provide a detailed and comprehensive
description of the overall lighting conditions. ’The lighting ...’.

B.2 Data Distribution

We perform a statistical analysis on some key aspects of PortraitGala dataset, depicted in Fig. 11. The
shot-scale distribution indicates that most videos are middle-shot (37.8%), followed by close-shot
(33.6%), long-shot (15.9%), and full-shot (12.7%). In terms of gender distribution, male individuals
are predominant at 56.7%, while female individuals constitute 39.7%, and others make up 3.6%.
The age-group distribution shows a vast majority of youth individuals at 74.9%, with middle-aged
individuals at 22.6%, and other age groups at 2.5%. Finally, ethnicity distribution reveals that
51.2% of the shown individuals are white people, 19.3% are black people, 11.4% are Asian people,
and 18.1% are other ethnicities. This statistic breakdown highlights the diversity present in the
PortraitGala dataset.

Close-shot
33.6%

Middle-shot

37.8%

Full-shot12.7%

Long-shot

15.9%

Shot-scale distribution

Male 56.7%
Female39.7%

Other

3.6%

Gender distribution

Youth
74.9%

Middle-aged
22.6%

Other

2.5%

Age-group distribution

White people 51.2%

Asian people

11.4%
Black people19.3%

Other

18.1%

Ethinicity distribution

Figure 11: Distribution of key aspects of PortraitGala.

B.3 Dataset Examples

To provide a clear and intuitive representation of the dataset, we present a gallery of multi-shot video
instances in Fig. 12. It highlights the diversity of the video distribution and the granularity of the
captions.
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1. This is a zoom-out middle-shot clip of a Caucasian, youth, female.
2. The hairstyle is long, straight, and dark brown. It is parted centrally and cascades smoothly over both shoulders, extending past the chest.
3. The apparel is a light beige corduroy jacket with a collar, button front, and two flap chest pockets. Underneath, a light green t-shirt is visible, featuring

a red trim around its crew neckline.
4. The expression is consistently neutral and composed. The gaze is direct towards the camera with steady, open eyes. The mouth remains closed, lips

slightly pressed together, conveying a serious and focused demeanor throughout the clip.
5. The behavior is standing perfectly still and upright in the center of the frame. There are no discernible movements of the body or limbs. The person

maintains an unwavering direct gaze at the camera, without any interaction with objects.
6. The background is a large, dark chalkboard densely covered with white chalk. It displays complex mathematical equations, scientific graphs like a

normal distribution curve, and various geometric patterns. The setting signifies an academic or scientific environment.
7. The lighting is warm, golden light emanates from a dense array of exposed light bulbs positioned above. A direct key light illuminates the person's face

from the front. The overall lighting is bright and focused on the person, with the background also visibly lit.

Figure 12: Illustration of examples in PortraitGala.
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C More Experimental Details

All the training is carried out on NVIDIA A100 80GB GPUs. The MT2V pretraining takes 3,500
GPU hours while the PMT2V and InfT2V take additional 2000 and 1000 GPU hours, respectively.
Throughout the training, all the important settings are listed below:

Parameter Value
Video height 480
Video width 832
Video frame 125

FPS 16
Batchsize 2

Train timesteps 1000
Train shift 5.0
Optimizer AdamW

Learning rate 8e-6
Weight decay 0.001

Sample timesteps 50
Sample shift 5.0

Sample guidance scale 5.0

Table 2: Experimental settings of EchoShot.

28



D Extra Experiments

D.1 Motivation Verification

The pivotal core of our method is the multi-shot text-to-video modeling with the proposed two
mechanisms, TcRoPE and TaRoPE. To affirm our motivation as well as verify the effectiveness, we
conduct an intuitive experiment between EchoShot and the vanilla model. To specify, we perform a
three-shot portrait video generation with EchoShot given three cut timestamps and three prompts.
For the vanilla model, we concatenate the three prompts together as a input and perform standard
generation. During generation, we collect the self-attention scores and cross-attention scores of the
DiT blocks, average them and plot the heatmaps. As shown in Figs. 13(a) and (b), the vanilla model
indiscriminately allocates attention to the visual tokens and the textual tokens, which is suitable for
single-shot video modeling. Yet in the context of multiple shots, the vanilla model fails to differentiate
the shots. By contrast, as shown in Fig. 13(c), TcRoPE establishes a inter-shot boundary during
self-attention calculation, with the extra rotation naturally reduce the interactions of features from
different shots while enhance that from the same shot. Additionally, TcRoPE allows the model to
flexibly allocate attention to potentially crucial pixels, whether from the same shot or from different
shots. Fig. 13(d) confirms a similar conclusion to the above one, in the context of TaRoPE and
cross-attention.

Shot 1 Shot 2 Shot 3

(c) Self-attention score with TcRoPE

Shot 1

Shot 2

Shot 3

Shot 1

Shot 2

Shot 3

Prompt 1 Prompt 2 Prompt 3

(d) Cross-attention score with TaRoPE

Shot 1 Shot 2 Shot 3

Shot 1

Shot 2

Shot 3

(a) Self-attention score without TcRoPE

Shot 1

Shot 2

Shot 3

Prompt 1 Prompt 2 Prompt 3

(b) Cross-attention score without TaRoPE

Figure 13: Visualization of self-attention score matrix w/ and w/o TcRoPE and cross-attention score
matrix w/ and w/o TaRoPE.

D.2 More Quantitative Results

In Tab. 1, we present the quantitative results. As a supplement, we propose the stand deviation results
of these metrics across the test set here.
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Method Identity consistency Prompt controllability Visual quality
FaceSim-Arc FaceSim-Cur App. Mot. Bg. Sta. Dyn.

StoryDiffusion+Wan-14B 68.65 65.29 83.33 72.50 69.53 63.20 84.68
IC-LoRA+Wan-14B 68.45 65.04 87.59 83.71 75.37 79.49 87.98

HunyuanVideo-13B (2 shots) 64.80 61.25 83.39 68.15 72.37 86.37 87.22
EchoShot-1B (ours) 73.74 69.43 95.84 88.86 94.72 88.91 87.85

Method Identity consistency Prompt controllability Visual quality
FaceSim-Arc FaceSim-Cur App. Mot. Bg. Sta. Dyn.

StoryDiffusion+Wan-14B 6.24 6.86 9.50 22.47 21.29 15.20 2.57
IC-LoRA+Wan-14B 7.02 6.75 10.16 18.41 19.77 13.08 2.68

HunyuanVideo-13B (2 shots) 9.16 8.28 10.13 18.35 17.95 5.76 3.51
EchoShot-1B (ours) 7.13 7.91 6.51 11.25 6.68 4.90 2.77

Table 3: Metric results (mean and standard deviation) in MT2V task.

Method Cut control Identity consistency Prompt controllability Visual quality
FaceSim-Arc FaceSim-Cur App. Mot. Bg. Sta. Dyn.

SC No 75.24 70.61 55.79 59.16 47.56 81.90 75.24
SC+TcRoPE Yes 74.77 69.85 81.72 72.84 74.22 84.32 81.69

SC+TcRoPE+TaRoPE(full) Yes 75.83 70.58 94.12 87.41 93.96 84.10 83.46

Table 4: Metric results of three ablation models on reduced-scale dataset.

D.3 Quantitative Ablation Study

We further conduct a quantitative ablation study following Sec. 4.3 in Tab. 4. Benefiting from the
curated high-quality multi-shot dataset, the identity consistency and visual quality of three ablation
models exhibit minimal variation. In terms of prompt controllability, the full model demonstrates
significant advantages over the comparing models, echoing the qualitative results. The ablation study
confirms that TcRoPE and TaRoPE mechanisms perform as expected.

D.4 Parameter Analysis

Our method relies primarily on two key hyperparameters, the phase shift scale j in Eq. (2) and the
mismatch suppression scale k in Eq. (3). To investigate the appropriate parameter selection, we
conduct an intuitive parameter analysis with the reduced-scale dataset. We leverage the mathematical
analysis and empirically pick several typical values, j ∈ {2, 4, 6}, k = 6 and j = 4, k ∈ {2, 6, 12}.
The quantitative results of the models under different settings are shown in Tab. 5. To summarize, a
too small j excessively enhances the inter-shot visual interactions, leading to occasional cut failure
and prompt intermingling with low prompt controllability scores. While a too large j nearly blocks
the interactions, causing identity inconsistency with low identity consistency scores. Similarly, a too
small k gives rise to prompt intermingling while a too large k results in a slightly decrease in scores.
Consolidating the results, we choose j = 4, k = 6 as the default setting.

Method Identity consistency Prompt controllability Visual quality
FaceSim-Arc FaceSim-Cur App. Mot. Bg. Sta. Dyn.

j=2,k=6 75.45 70.64 88.75 82.10 85.28 80.97 81.67
j=6,k=6 70.19 67.30 94.25 88.29 92.66 83.18 82.03
j=4,k=2 75.12 69.73 84.20 76.69 80.16 80.55 81.02

j=4,k=12 74.98 69.45 92.15 86.82 92.73 83.50 83.91
j=4,k=6(ours) 75.83 70.58 94.12 87.41 93.96 84.10 83.46

Table 5: Metric results of different parameter settings on reduced-scale dataset.
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E EchoShot Gallery

Figure 14: Illustration of generated videos by EchoShot.
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F Clarification about User Study

Instructions for Participants

Thank you for participating in our study!
We appreciate your willingness to contribute to our research. Below, you will find
detailed instructions on how to complete the tasks involved in this study. Please
read this information carefully before beginning.

1. Purpose of the Study

The goal of this study is to evaluate different methods for generating multi-shot
portrait videos showing the same identity. Your feedback will help us evaluate
which method produce videos with best quality. Your participation is highly
valuable to us!

2. Task Overview

You will be asked to compare two methods by evaluating their outputs in a series
of one-on-one matchups. Each matchup will present results generated by our
proposed method and a random baseline method (both anonymous). Your task is to
vote for your preferred option in each matchup based on the following criteria:

• Identity Consistency: Which method better preserves the same identity of
the human (e.g., facial features, expressions, and overall appearance) across
all frames and shots in the video?

• Prompt Controllability: Which method more accurately follows the given
prompts (e.g., appearance, motions, expressions, and background) in the
generated video?

• Visual Quality: Which method produces a video with higher visual quality,
considering factors like sharpness, smoothness of motion, and absence of
artifacts (e.g., blurriness or unnatural textures)?

3. How to Complete the Task
• You will complete 45 matchups in total.
• For each matchup, you will see two outputs side by side.
• To cast your vote, click on the button corresponding to your preferred option.
• There are no right or wrong answers. Please choose the option that feels best

to you.

4. Time Commitment

The study should take approximately 20-30 minutes to complete. You can work
at your own pace, but we recommend completing the task in one sitting to ensure
consistency.

5. Voluntary Participation

Your participation in this study is entirely voluntary. You are free to withdraw at
any time without penalty or explanation. If you decide to withdraw, your responses
will not be included in the analysis.

6. Compensation

This study does not provide financial compensation. However, your contribution is
greatly appreciated and will directly support advancements in this field of research.

7. Privacy and Data Use
• Your responses will be anonymized and used solely for research purposes.
• No personally identifiable information will be collected or stored.
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8. Questions or Concerns

If you have any questions about the study or encounter technical issues, please
contact us. We are happy to assist you.

9. Consent

By proceeding with the study, you confirm that:
• You have read and understood the instructions.
• You agree to participate voluntarily.
• You understand that you can withdraw at any time without penalty.

Thank you again for your time and effort. Let’s get started!

Compensation. Participants were informed that their participation was entirely voluntary based on
their willingness to contribute to scientific research, without financial compensation. No incentives or
pressures were applied to encourage involvement. Participants could withdraw at any time.

Minimal risks. Before beginning the study, participants were provided with detailed information
about the purpose of the research, and their rights as participants. Consent was obtained from all
participants prior to their involvement. The risks associated with this study were minimal. The tasks
posed no physical, psychological, or emotional harm to participants. Participants were only required
to perform binary voting tasks, which involved evaluating outputs generated by different methods.
All interactions were conducted through a secure online platform, ensuring privacy and anonymity.
No sensitive data or personally identifiable information was collected during the study.

Approval. This study received approval from the research institution.

G Societal Impacts and Safeguards

The advancements in multi-shot portrait video generation, as exemplified by our work on EchoShot,
present profound societal impacts across numerous domains. By enabling high-quality, identity-
consistent, and content-controllable portrait video creation, EchoShot democratizes access to ad-
vanced video production tools, empowering creators of all skill levels to produce professional-grade
visual media. This innovation streamlines workflows in industries such as filmmaking, advertising,
virtual avatars, and social media content creation, leading to significant improvements in efficiency,
cost savings, and creative flexibility. The ability to generate consistent multi-shot videos with
fine-grained control over attributes like facial expressions, outfits, and motions has the potential to
revolutionize storytelling, personalized media, and digital human modeling.

However, the rapid adoption of such generative technologies also raises important challenges. Job
displacement may occur for traditional video editors and artists who rely on conventional methods,
necessitating reskilling and adaptation to remain competitive in an evolving job market. Ethical con-
cerns are equally critical, as the misuse of generated videos (e.g.. creating deepfakes, impersonations,
or misleading content) can undermine public trust and exacerbate misinformation. Ensuring that
models like EchoShot are trained on unbiased datasets is essential to prevent the reinforcement of
harmful stereotypes or biases in generated content. To address these issues, we inherit safeguards
from foundational models Wan2.1, including mechanisms for detecting inappropriate or harmful
outputs, while adhering to strict usage guidelines. Furthermore, by open-sourcing our models and
dataset, we aim to foster transparency, encourage responsible use, and facilitate community-driven
improvements in ethical generative AI development.
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