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Multi-Identities ... The person in the middle wears a light-colored sweater, speaking with enthusiasm ... The person 
on the left, dressed in a dark jacket, leans forward slightly... a thoughtful smile on ... lips. The person 
on the right wears a blue T-shirt, head tilted slightly, expression calm with a smile. ...

Identity Clothing 

(c) 
Multiple
subjects

A person wearing a shirt takes a casual walk through a tree-lined avenue. The scent of freshly cut 
grass fills the air, ... The head tilts slightly downward, a content expression settling on the face.

Identity Background A person wears a casual shirt, reading a book. The person's head is slightly tilted, eyes focused on 
the pages, lips curved into a faint smile. Sunlight ... casting a warm glow on the face, ...

Multi-Identities

(b) 
Multiple
identities

Two people sit on a park bench, each holding a cup of hot coffee. One leans back, head tilted up, 
eyes closed, enjoying the warmth. The other turns slightly, smiling as they speak, ...

(a)
Single 
identity

A man standing next to an airplane, engaged in a conversation on his cell phone. He is wearing 
sunglasses and a black top, and he appears to be talking seriously. The airplane has a green stripe ...

Identity

Identity A woman dressed in elegant court attire, a flowing gown, a pearl necklace, and a delicate ivory fan 
in her gloved hands. She fanned herself slowly, her movements graceful and deliberate. The ...

Figure 1. Concat-ID produces natural videos for identity-preserving video generation. We select samples for (a) single-identity, (b)
multi-identity, and (c) multi-subject scenarios, respectively.
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Abstract

We present Concat-ID, a unified framework for identity-
preserving video generation. Concat-ID employs varia-
tional autoencoders to extract image features, which are
then concatenated with video latents along the sequence di-
mension. It relies exclusively on inherent 3D self-attention
mechanisms to incorporate them, eliminating the need for
additional parameters or modules. A novel cross-video
pairing strategy and a multi-stage training regimen are
introduced to balance identity consistency and facial ed-
itability while enhancing video naturalness. Extensive ex-
periments demonstrate Concat-ID’s superiority over exist-
ing methods in both single and multi-identity generation,
as well as its seamless scalability to multi-subject scenar-
ios, including virtual try-on and background-controllable
generation. Concat-ID establishes a new benchmark for
identity-preserving video synthesis, providing a versatile
and scalable solution for a wide range of applications.

1. Introduction

Identity-preserving video generation, which seeks to cre-
ate human-centric videos of a specific identity accurately
matching a user-provided face image, has recently gained
significant attention, as evidenced by the success of com-
mercial tools such as Vidu [22] and Pika [18].

A primary challenge in this field is achieving a balance
between maintaining identity consistency and enabling fa-
cial editability. Prior work [9, 13, 27, 29] fails to effec-
tively preserve identity despite utilizing special face en-
coders and incorporating extra adapters to mitigate cross-
modal disparities. To mitigate this limitation, some ap-
proaches [4, 28] substitute the spatially aligned reference
image in pre-trained image-to-video models [2, 26] with fa-
cial images, leading to a significant improvement in identity
consistency. However, they still face challenges in prevent-
ing the replication of facial expressions from the reference
image. Moreover, the supplementary modules and param-
eters introduced by these methods contribute to increased
complexity in both model training and inference.

In this work, we introduce Concat-ID, a concise, ef-
fective, and versatile framework for identity-preserving
video generation. By unifying the model architecture, data
processing, and training procedure, Concat-ID not only
achieves single-identity video generation but also seam-
lessly integrates multiple identities and accommodates di-
verse subjects. Specifically, Concat-ID employs Variational
Autoencoders (VAEs) to extract image features, which are
then concatenated with video latents along the sequence

*Work done during the internship at Zhipu.
†Correspondence to Chongxuan Li.

dimension. This approach relies exclusively on 3D self-
attention mechanisms, which are inherently present in state-
of-the-art video generation models, to incorporate image
features, thereby eliminating the need for extra modules
or parameters. Furthermore, to effectively balance iden-
tity consistency and facial editability while enhancing video
naturalness, we develop a novel cross-video pairing strategy
and a multi-stage training regimen.

The quantitative and qualitative results, along with the
user study (see Sec. 5.2), demonstrate that Concat-ID pro-
duces videos with the most consistent identity and supe-
rior facial editability across all baselines, for both single-
identity and multi-identity video generation. Moreover, we
illustrate that Concat-ID can seamlessly extend to multi-
subject scenarios, including virtual try-on and background-
controllable generation, while effectively preserving iden-
tity (see Sec. 5.3). These findings underscore Concat-ID’s
capability to scale effectively to diverse subjects, ensuring
consistent high performance across various applications.

The principal contributions of this work are as follows:
• We propose Concat-ID, an effective framework for uni-

fied identity-preserving video generation across single-
identity, multi-identity, and multi-subject scenarios.

• Concat-ID utilizes VAEs to extract image features and in-
tegrates them via inherent 3D self-attention mechanisms,
without introducing additional parameters or modules.

• We develop a cross-video pairing strategy and a multi-
stage training regimen to balance identity consistency and
facial editability, while enhancing video naturalness.

• Concat-ID demonstrates superior identity consistency
and facial editability in single and multi-identity scenar-
ios, and seamlessly scales to multi-subject scenarios.

2. Related works
The rapid advancement of text-to-video and image-to-video
diffusion models [8, 16, 19, 26, 30] has spurred significant
interest in fine-tuning these models for downstream tasks,
particularly identity-preserving video generation. Tuning-
based methods [11, 17] adapt pre-trained video models for
each new identity through test-time fine-tuning. Alterna-
tively, tuning-free methods [9, 13, 27, 29] typically lever-
age face encoders [3, 20] to extract facial features and in-
corporate additional adapters to mitigate cross-modal dis-
crepancies. Some approaches [4, 24, 28] further enhance
identity consistency by integrating face features extracted
from a Variational Autoencoder (VAE). For instance, Con-
sisID [28] and Ingredients [4] replace spatially aligned ref-
erence images in pre-trained image-to-video models for
single-identity and multi-identity generation, respectively.
Placing greater emphasis on enhancing video naturalness,
Movie-Gen [19] refines the balance between identity con-
sistency and facial editability for single-identity generation
through cross-paired data construction. In this work, we
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Figure 2. The architecture of Concat-ID. We utilize VAEs to ex-
tract image latents from reference images and concatenate them at
the end of the video latents along the sequence dimension. Concat-
ID relies solely on 3D self-attention mechanisms, which are com-
monly present in state-of-the-art video generation models, to inte-
grate image features without adding extra modules or parameters.

explore a unified framework capable of handling single-
identity, multi-identity, and multi-subject generation while
maintaining a crucial balance between consistency and ed-
itability, without requiring test-time fine-tuning.

3. Preliminary

Existing state-of-the-art text-to-video and image-to-video
models [8, 15, 16, 19, 26] generally consist of three main
components: a 3D variational autoencoder (VAE) E , text
encoders T , and a denoising transformer ϵθ. Given a video
X = {xi}Ni=1 with N frames, E initially compresses the
video into a latent representation Z ∈ RT×HW×C along the
spatiotemporal dimensions, where HW denotes the spatial
dimension, C represents the channel dimension, and T is
the temporal dimension. To simplify, we refer to T ×HW
as the sequence dimension. The ϵθ then takes the noise-
corrupted latent representation Z as its input, and applies
a 3D (spatiotemporal) self-attention mechanism [8, 26] to
model the distribution of video content. Additionally, a 3D
relative positional encoding (i.e., 3D-ROPE) is incorporated
within the 3D attention module to enhance the model’s abil-
ity to capture both temporal and spatial dependencies in
videos. Meanwhile, the text encoder T processes the text
prompt and encodes it into a text representation ctxt. ϵθ
typically integrates ctxt either through cross-attention lay-
ers [19] or by concatenating it with Z [26]. A mean squared
error loss [5, 31] is commonly used to optimize ϵθ.

4. Concat-ID
Given a reference image containing a human face, our goal
is to generate identity-preserving videos based on user-
provided text prompts, while also enabling the integration
of additional identities or subjects. To address this chal-
lenge, we propose Concat-ID, a concise, effective, and ver-
satile framework. As illustrated in Fig. 2, we introduce
a unified architecture for extracting and injecting features
from any number of identities and subjects without requir-
ing extra modules or parameters (see Sec. 4.1). To balance
identity consistency and facial editability while enhancing
video naturalness, we further construct cross-video pairs as
training data (see Sec. 4.2) and propose a novel multi-stage
training strategy (see Sec. 4.3).

4.1. A unified architecture
We focus on designing a unified model architecture capa-
ble of extracting and fusing the identity feature and read-
ily extendable to multi-identity and multi-subject scenarios.
Revisiting the role of VAEs, we recognize their ability to
compress conditioning images into the same latent space as
the video latent Z. Consequently, our denoising transformer
ϵθ can inherently interpret these features. Based on this in-
sight, we adopt the VAE as our feature extractor.

Specifically, for M reference images {Ii}Mi=1, we en-
code each Ii to obtain the image feature ci = E(Ii) ∈
R1×HW×C , and then concatenate these features with Z in
sequence. Thus, the input to ϵθ is given by:

Z′ = Concat(Z, c1, c2, · · · , cM ), (1)

where Concat(·, ·, · · · ) denotes concatenation along the se-
quence dimension and Z′ ∈ R(N+M)×HW×C . As shown in
Fig. 2, this feature injection through concatenation is com-
patible with any video generation model that utilizes 3D
self-attention, which are generally present in state-of-the-
art video generation models. Since Z and ci are in the same
latent space, ϵθ can seamlessly integrate identity-preserving
features without the need for additional modules or param-
eters to address cross-modal disparities.

Concatenating Z and ci along the channel dimension is
another direct method for feature injection, as employed in
ConsisID [28] and Ingredients [4]. However, this strategy
introduces artifacts (see Fig. 4 and Fig. 5) due to spatial
misalignment between face images and video latents. In
contrast, by leveraging a 3D self-attention mechanism, our
sequence concatenation promotes spatial interactions with-
out compromising the quality of any generated frame. Fur-
thermore, it scales efficiently to handle multi-identity and
multi-subject scenarios (see Fig. 1).

4.2. Data construction
The task of identity-preserving video generation relies on
image-video pairs as training data, where an image must de-
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(a) The procedure of data processing.

(b) Some samples of paired cross-video reference images.

(c) Some samples of trade-off pairs.

Figure 3. Constructing three types of image-video pairs for a
single identity: pre-training, cross-video and trade-off pairs.

pict a human face that matches the identity of corresponding
videos. To progressively balance identity consistency and
facial editability, as illustrated in Fig. 3, we construct three
types of image-video pairs for a single identity: pre-training
pairs Spre, cross-video pairs Scross, and trade-off pairs Strade.
Pre-training pairs. To ensure data quality, we filter out
videos that are unrelated to humans, contain inconsistent
numbers of individuals, or exhibit inconsistencies in iden-
tity. Specifically, to retrieve human-related videos from the
caption-video pairs, we design a human term table that in-
cludes various categories such as basic human descriptors,
gender, and occupation. We then exclude videos whose cap-
tions do not contain any human-related terms. Next, we
uniformly sample two frames per second from each video,

detect faces using SCRFD [6], and remove videos if more
than 30% of the frames have inconsistent numbers of indi-
viduals.1 Finally, for frames with the same face count, we
compute the ArcFace cosine similarity [3] between consec-
utive frames and discard videos if more than 30% of the
frames have a similarity score below 0.5.

The above processes yield 1.3 million videos featuring
a single identity, and we uniformly select 5 face images
per video, defining pre-training pairs Spre = {(Iki ,Xk)}i,k
where k denotes the video index and Iki represents the i-th
reference image of Xk. The self-supervised nature of this
paired data, where images from the same video serve as la-
bels, inherently limits facial editability. Specifically, mod-
els trained on such data may produce frames in which facial
expressions unintentionally mirror those of the reference
images (see Fig. 7), leading to unnatural content. This is-
sue becomes particularly pronounced when a semantic gap
exists between the reference images and the text prompts.
To enhance facial editability and naturalness, we propose a
cross-video image-video pairing strategy.
Cross-video pairs. The standard process for construct-
ing video clips involves segmenting raw long videos into
multiple shorter segments using various algorithms that de-
tect scene transitions, such as motion variations and shot
changes. Theoretically, many existing video clips in train-
ing sets feature varied facial expressions and head poses of
the same person. To construct cross-video pairs where the
reference image originates from a different video, we calcu-
late the cosine similarity among images {Iv1}v . For the k-th
video, we randomly select an image Ij1 from {Iv1}v as its
paired reference image, ensuring that 0.7 ≤ cos(Ij1, I

k
1) <

0.9, where the function cos(·, ·) computes the cosine simi-
larity. The final cross-video pairs Scross include 0.8 million
image-video pairs with 0.5 million reference images, indi-
cating a reference image can correspond to multiple videos.

Personalized image generation can also synthesize refer-
ence images with the same identity as given videos but var-
ied identity-irrelevant factors, as demonstrated in [10, 19].
However, this approach incurs high computational costs,
particularly for large-scale image-video pairs. Additionally,
existing personalized generation methods [7, 27, 32] often
struggle to preserve detailed facial features, which limits
their effectiveness. In contrast, as shown in Fig. 3b, our
retrieval-based method efficiently gathers a large-scale set
of real reference images that accurately match the identity
of corresponding videos while exhibiting diversity across
multiple dimensions, such as facial expressions, hairstyles,
lighting conditions, and other identity-irrelevant factors.
Trade-off pairs. Similar to the construction of cross-video
pairs, for the k-th video, we identify its reference im-
age Ij1 with the smallest cos(Ij1, I

k
1), ensuring that 0.9 ≤

1The common person count across frames is considered the video’s
person count.
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cos(Ij1, I
k
1) < 0.99. This forms our trade-off dataset Strade

with 160 thousand videos, improving consistency between
reference images and videos compared to cross-video pairs.
Additionally, we filter out videos where the facial region oc-
cupies less than 4% or more than 90% of the frame area and
rank Strade based on the weighted sum of aesthetics scores,
optical flow scores, and motion scores [26]. Finally, we re-
tain the top 50,000 videos for training.

In this section, we detail the data construction process
for a single identity. However, this procedure can be seam-
lessly scaled to multi-identity by independently processing
each identity within a video. Similarly, it can be extended
to general subjects by replacing face detectors with open-
set detectors, such as Grounding DINO [21], and substitut-
ing ArcFace cosine similarity with general feature similarity
metrics, such as CLIP cosine similarity [20]. Please refer to
Appendix B for further details on the training data construc-
tion for our multi-identity and multi-subject scenarios.

4.3. Training strategy

Building on our innovative data construction, we introduce
a multi-stage training process: pre-training stage, cross-
video fine-tuning, and trade-off fine-tuning. In the pre-
training stage, we optimize a text-to-video model on Spre
to map facial details into generated videos. This self-
supervised training method may constrain certain generated
video frames to adhere strictly to the given condition im-
ages, potentially degrading the editability of facial expres-
sions and the overall naturalness. The cross-video fine-
tuning on Scross, using image-video pairs derived from dif-
ferent videos, can alleviate this issue. However, we observe
that this fine-tuning enhances facial editability at the ex-
pense of identity fidelity (see Sec. 5.4).

A simple strategy to further balance fidelity and editabil-
ity is to mix pre-trained pairs and cross-video pairs in a 1:1
ratio, a similar method adopted by Movie-Gen [19]. How-
ever, our initial experiments suggest that this approach re-
sults in unstable training due to varying identity consistency
between pre-trained pairs and cross-video pairs. To address
this issue while ensuring high-degree motion and high artis-
tic quality, we ultimately fine-tune the model on Strade.

Throughout all training stages, we proportionally scale,
pad, and center-crop images to match the video resolution.
To ensure the model focuses on facial regions during train-
ing and prevents background leakage during inference, we
segment and drop the background of reference images [25].
Additionally, to improve robustness and generalization, we
introduce random noise to reference images during training,
while omitting this noise during inference. To further dif-
ferentiate the image latent ci from the video latent Z and
distinguish between different ci, we extend 3D-RoPE to in-
corporate multiple reference images along the sequence di-
mension. Specifically, we introduce a temporal bias N to

define the 3D position of a token th,w in ci:

3D-Pos(th,w) = (i+N,h,w), (2)

where 3D-Pos(·) denotes the 3D position and (h,w) are the
spatial coordinates of the token.

Owing to the simplicity and efficiency of Concat-ID in
both data construction and model architecture, our training
strategy can seamlessly scale to multi-identity and multi-
subject scenarios. Moreover, we establish that single-
identity pre-training facilitates enhanced identity preserva-
tion in these downstream tasks (see Tab. 2).

5. Experiments
5.1. Experimental settings
Datasets. We evaluate all methods on the ConsistID-
Benchmark [28], which consists of 172 reference images
and 90 text prompts spanning nine categories. To ensure a
fair comparison, we exclude reference images present in our
training data using a combination of automated and manual
filtering techniques. Consequently, our evaluation dataset
comprises 873 prompt-image pairs, derived from 97 refer-
ence images, with one prompt randomly selected from each
category for each image. For multi-identity evaluation, we
additionally construct 14 distinct pairs of reference images
and design 20 textual prompts using ChatGPT [1]. Please
refer to Appendix A.1 for further details.
Metrics. We evaluate all methods on identity consistency,
text alignment, and facial editability. (1) Identity con-
sistency: Following [28], we use FaceSim-Arc (ArcSim)
and FaceSim-Cur (CurSim) to assess the average cosine
similarity between reference images and generated videos
based on ArcFace [3] and CurricularFace [12], respectively.
These face recognition models are specifically designed to
disentangle identity-related features from identity-unrelated
ones. (2) Text alignment: We adopt ViCLIP [23] to compute
the similarity between text prompts and generated videos,
following [14, 19]. (3) Facial editability: We calculate the
cosine distance of CLIP image embeddings [20] (CLIPDist)
between reference images and video frames. CLIP effec-
tively captures comprehensive facial features, and thus a
larger CLIPDist indicates improved facial editability.
Implementation details. We use the text-to-video model
CogVideoX-5B [26] as our base model. The learning rates
are set to 1.0×10−5, 5.0×10−6, and 5.0×10−6 for the first,
second, and third training stages, respectively. We fine-
tune all model parameters with a linear learning rate decay
across all stages. The training data resolution is maintained
at 480× 720 pixels with 49 frames per video. Text and im-
age prompts are independently dropped with a probability
of 0.1. Further details are provided in Appendix A.2.
Baselines. For a comprehensive comparison, we use three
representative open-source approaches as baselines. (1)
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Method
Identity consistency Text alignment Facial editability

ArcSim ↑ CurSim ↑ ViCLIP ↑ CLIPDist ↑
Single identity

ID-Animator [9] ‡ 0.289 0.304 0.204 0.297
ConsisID [28]†‡ 0.432 0.451 0.237 0.303
Concat-ID (Ours) † 0.442 0.466 0.242 0.325

Multiple identities

Ingredients [4] †‡ 0.293 0.316 0.199 0.407
Concat-ID (Ours) † 0.492 0.514 0.190 0.410

Table 1. Quantitative results for single-identity and multi-
identity generation. † denotes that these methods share the same
video model. ‡ indicates corresponding methods introduce addi-
tional adapters and auxiliary loss. Concat-ID achieves superior
identity consistency and facial editability while maintaining better
or comparable text alignment relative to the baselines.

Single-identity personalization methods: ID-Animator [9]
and ConsisID [28]. (2) Multi-identity personalization meth-
ods: Ingredients [4]. ID-Animator, ConsisID, and Ingredi-
ents all incorporate additional adapters and auxiliary loss
functions to enhance identity consistency. Notably, Concat-
ID, ConsisID, and Ingredients are all built upon the same
video model, CogVideoX-5B.

5.2. Main results
We demonstrate the effectiveness of Concat-ID through
quantitative metrics, qualitative assessments, and the user
study for single-identity and multi-identity generation.
Quantitative comparisons. Table 1 presents the quantita-
tive results for single-identity and multi-identity generation.
For single-identity generation, ID-Animator performs the
worst, exhibiting the lowest ArcSim, CurSim, and CLIPDist
scores. This suggests that it achieves the least effective
balance between identity preservation and facial editabil-
ity. Moreover, ID-Animator, ConsisID, and Ingredients in-
corporate additional adapters and auxiliary loss functions to
enhance identity consistency, increasing the complexity of
both training and generation processes.

In contrast, for both single-identity and multi-identity
generation, Concat-ID achieves superior identity consis-
tency simply by concatenating image latents after video la-
tents, highlighting the effectiveness of our architecture. Fur-
thermore, by constructing cross-video pairs, Concat-ID at-
tains a higher CLIPDist score than ID-Animator, ConsisID,
and Ingredients, demonstrating an optimal balance between
identity preservation and facial editability.
Qualitative comparisons. Fig. 4 presents qualitative com-
parisons for single-identity generation. ID-Animator fails
to maintain facial characteristics. ConsisID achieves better
identity consistency, but some frames replicate facial ex-
pressions of reference images. In contrast, Concat-ID miti-
gates this issue while preserving identity by leveraging ad-
vantages of cross-video pairs. For multi-identity generation,

as shown in Fig. 5, Concat-ID produces videos that more
accurately match identities in given images compared to In-
gredients, demonstrating its effectiveness and scalability.

To maximize the potential of image-to-video models,
ConsisID and Ingredients concatenate the reference image
with the first latent frame along the channel dimension.
However, this feature injection approach can introduce arti-
facts in the first generated frame due to spatial misalignment
between faces images and generated videos, as evident in
the initial frames of all videos. As a comparison, Concat-
ID excels in identity preservation without compromising the
quality of any generated frames, highlighting the validity of
our concatenation along the sequence dimension.
User study. According to both quantitative and qualitative
results, we compare Concat-ID with the strongest baseline,
ConsisID, through human evaluation. Specifically, we gen-
erate 100 videos using 10 reference images and 10 prompts
designed by ChatGPT [1] to focus on expression and head
pose variation. For each video group, voters answer three
questions, selecting the video that: (1) best matches the ref-
erence image in facial similarity (identity consistency), (2)
best aligns with the facial expressions and head poses de-
scribed in the prompt (facial motion alignment), and (3)
exhibits the most natural and smooth facial motion (facial
motion naturalness). With 100 video groups, three types
of questions, and three voters participating, we collect a to-
tal of 900 video comparison results. As shown in Fig. 6,
Concat-ID surpasses ConsisID by a significant margin in
identity consistency and motion alignment and naturalness,
demonstrating the effectiveness of our architecture and the
advantages of cross-video pair construction.

5.3. Multiple identities and subjects
We demonstrate that the architecture, data construction, and
training strategy of Concat-ID make it seamlessly extend-
able to multi-identity and multi-subject scenarios.
Multi-identity scenarios. As illustrated in Fig. 1b, when
provided with face images of different individuals, Concat-
ID can generate multi-person videos while preserving their
identities, without requiring any additional parameters or
modules compared to single-identity generation. Notably,
despite being trained on only 40,000 videos, Concat-ID
can generate three-identity videos while maintaining dis-
tinct identities, leveraging the prior knowledge from two-
identity pre-training and a powerful 3D self-attention mech-
anism that effectively captures both temporal and spatial
dependencies. Moreover, Concat-ID determines the spatial
position of each identity in the generated videos based on
the concatenation sequence of the reference images.
Multi-subject scenarios. As illustrated in Fig. 1c, by se-
quentially concatenating a face image with a clothing im-
age, Concat-ID enables virtual try-on while preserving both
the given identity and intricate clothing details, such as lo-
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A person wearing a Superman outfit 
stands tall, arms crossed over the 
chest. The person's chin is lifted, 
eyes locked on the horizon with a 
determined gaze. A confident smirk 
appears as the cape flutters slightly 
in the breeze.

Reference 
Image

A street artist in a worn-out denim 
jacket and a colorful bandana stands 
before a weathered wall, holding a 
can of spray paint. The head tilts 
slightly as the person examines the 
work—a vibrant bird taking shape. A 
focused expression crosses the face, 
lips pressed together in concentration.

Reference 
Image

A person sits alone on a park bench, 
head bowed slightly, eyes glistening 
as a single tear slides down the 
cheek. The lips quiver, pressed into 
a thin line, while the shoulders 
tremble with the weight of an 
unspoken sorrow. The cool breeze 
carries away the muffled sigh.

Reference 
Image
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Figure 4. Qualitative comparisons for single-identity generation. ID-Animator fails to preserve facial details, while ConsisID replicates
the expressions of the reference images, particularly in the third case, where the semantic gap between texts and reference is significant.
Concat-ID effectively preserves identity, while simultaneously preventing the direct replication of facial expressions from reference images.

gos and textures. This capability also highlights Concat-
ID’s potential in simulating interactions between people and
objects. Furthermore, the background-controllable identity-
preserving generation achieved by Concat-ID demonstrates
its ability to manipulate spatial layouts in generated videos
by integrating spatially aligned conditions.

In this section, we introduce two-identity and three-
identity generation, along with two additional subjects (i.e.
clothing and background). Further details on training and
data are provided in Appendix B. We posit that Concat-
ID’s architecture, characterized by its simplicity and effec-
tiveness, coupled with the generalizability of its data con-
struction and training strategy, enables effective scalability
to more identities and diverse subjects, ensuring consistent
high performance across a wider range of applications.

5.4. Ablation study

Fig. 7 present the qualitative ablation of Concat-ID. The
pre-training stage achieves the best identity consistency but
results in low facial editability. For example, facial ex-
pressions of some frames in the pre-training stage closely
resemble those in reference images. However, the cross-
video stage enhances editability at the expense of iden-
tity consistency, aligning with the findings in [19]. In the
third stage, Concat-ID further refines the matching thresh-
old of cross-video pairs to better balance identity preserva-
tion and facial editability. Leveraging prior knowledge from
both pre-training and cross-video fine-tuning, the trade-off
stage achieves an optimal balance using only 50,000 videos.
These results underscore the effectiveness of each stage in
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Two people sit on a park bench, each holding a cup of 
hot coffee. One leans back, head tilted up, eyes closed... 
The other turns slightly, smiling as they speak, ...
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Two friends sit at a train station, ... One stretches, arms 
raised above the head, letting out a relaxed sigh, while 
the other leans forward, elbows on knees, ...
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Two students ... One leans over a laptop, typing 
furiously, eyes locked on the screen. The other tilts the 
head slightly, holding a pen to the lips, deep in thought...
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s 
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Figure 5. Qualitative comparisons for multi-identity genera-
tion. Concat-ID better maintains different identities.

Figure 6. Human evaluation. Concat-ID produces more precise
and natural videos while effectively preserving identity.

our training strategy. Moreover, the quantitative analysis in
Appendix C consistently supports our findings.

A person sits in a spotless room, playing a guitar. The 
person's head is slightly tilted, lips parted as if humming 
along. Fingers glide effortlessly over the strings, 
completely immersed in the melody. the cape flutters 
slightly in the breeze.

Stage 
I

Stage 
II

Stage 
III

Figure 7. Qualitative ablation. Stage I, Stage II, and Stage III in-
dicate the pre-training stage, cross-video stage, and trade-off stage.

Method
Identity-1 Identity-2

ArcSim ↑ CurSim ↑ ArcSim ↑ CurSim ↑
No single-identity pre-training 0.514 0.535 0.526 0.550
Concat-ID (Pre-training) 0.629 0.650 0.651 0.674

Table 2. The effect of single-identity pre-training on multi-
identity pre-training. The single-identity pre-training enhances
identity consistency in downstream tasks.

We also investigate the influence of single-identity pre-
training on multi-identity and multi-subject pre-training.
Specifically, we conduct a comparative analysis of Concat-
ID with and without single-identity pre-training. Although
the two-identity generation is pre-trained on approximately
0.3 million videos, as presented in Tab. 2, single-identity
pre-training still results in improved ArcSim and CurSim
scores across all identities. This enhancement indicates that
single-identity pre-training effectively strengthens identity
preservation in downstream tasks. These findings provide
empirical support for the scalability of our architecture, data
construction methodology, and training strategy.

6. Conclusions
In this paper, we introduce Concat-ID, a unified frame-
work for identity-preserving video generation. Concat-ID
relies solely on 3D self-attention mechanisms, which are
commonly used in state-of-the-art video generation mod-
els, without introducing additional modules or parameters.
We also present a novel cross-video pairing strategy and a
multi-stage training regimen to balance identity consistency
and facial editability while enhancing video naturalness.
Thanks to its architecture, data construction, and training
strategy, Concat-ID can scale seamlessly to multi-identity
and multi-subject scenarios.
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