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Abstract
In this paper, we present LaVieID, a novel local autoregressive video
diffusion framework designed to tackle the challenging identity-
preserving text-to-video task. The key idea of LaVieID is to mitigate
the loss of identity information inherent in the stochastic global gen-
eration process of diffusion transformers (DiTs) from both spatial
and temporal perspectives. Specifically, unlike the global and un-
structured modeling of facial latent states in existing DiTs, LaVieID
introduces a local router to explicitly represent latent states by
weighted combinations of fine-grained local facial structures. This
alleviates undesirable feature interference and encourages DiTs to
capture distinctive facial characteristics. Furthermore, a temporal
autoregressive module is integrated into LaVieID to refine denoised
latent tokens before video decoding. This module divides latent to-
kens temporally into chunks, exploiting their long-range temporal
dependencies to predict biases for rectifying tokens, thereby signif-
icantly enhancing inter-frame identity consistency. Consequently,
LaVieID can generate high-fidelity personalized videos and achieve
state-of-the-art performance. Our code and models are available at
https://github.com/ssugarwh/LaVieID.

∗Both authors contributed equally to this research.
†Corresponding author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
MM ’25, Dublin, Ireland.
© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-2035-2/2025/10
https://doi.org/10.1145/3746027.3754943

CCS Concepts
• Computing methodologies → Computer vision.

Keywords
Video Synthesis, Diffusion Model, Spatio-temporal Consistency

ACM Reference Format:
Wenhui Song, Hanhui Li, Jiehui Huang, Panwen Hu, Yuhao Cheng, Long
Chen, Yiqiang Yan, and Xiaodan Liang. 2025. LaVieID: Local Autoregressive
Diffusion Transformers for Identity-Preserving Video Creation. In Proceed-
ings of the 33rd ACM International Conference on Multimedia (MM ’25),
October 27–31, 2025, Dublin, Ireland. ACM, New York, NY, USA, 10 pages.
https://doi.org/10.1145/3746027.3754943

1 Introduction
In recent years, diffusion models [5] have demonstrated remarkable
capabilities in modeling data of various modalities, such as texts
[12], time series [51], images [46], 3D models [58] and videos [23].
These advances have significantly contributed to the development
and application of content synthesis, especially for tasks such as
text-to-image (T2I) [42] and text-to-video (T2V) [47] generation.
However, the emerging task of identity-preserving T2V (IPT2V)
generation conditioned on a single subject image [2, 17, 66], remains
challenging for existing generative models. This is because it needs
to explore large latent spaces and requires higher spatio-temporal
consistency, compared with personalized T2I generation [15] or
subject animation with reference motions [27, 56].

Several pioneering studies seek to address IPT2V generation by
leveraging cutting-edge diffusion transformers (DiTs) [41] trained
on large-scale data, and enhancing them with carefully designed
modules and strategies, such as textual inversion [39], frequency
decomposition [66], cross-video pairing [70], and reinforcement
learning [34]. Although these methods improve spatio-temporal
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A cartoon portrait of a man 
captured mid-laughter as he 
lifts a steaming teacup to his 
lips, …, his sleeves fall loosely 
around his elbows. Sunlight 
pours into the cozy kitchen…

A man with a curious
expression stands under the soft 
glow of a desk lamp, scratching 
his head thoughtfully as 
flickering shadows dance on the 
walls…

A woman with an inquisitive
expression leans in to listen, her 
eyes reflecting the soft glow of 
the dimly lit room as shadows 
dance across her face; she nod 
thoughtfully…

A man  sketching in a notebook, 
looking up with a grin.

Reference Image Description State-of-the-art LaVieID (Ours)

Figure 1: Given a single reference image of a target person, the proposed LaVieID framework can follow diverse instructions to
generate vivid videos with identity fidelity and visual quality superior to that of state-of-the-art methods [66].

consistency to some extent, they still suffer from the loss of iden-
tity information due to the intrinsic architecture designs of DiTs.
Particularly, current DiTs [60] primarily rely on global attention
modules to capture spatio-temporal feature correlations, which are
relatively insensitive to fine-grained facial structures and temporal
dependencies. Hence, there is a substantial risk that identity-related
features may be disrupted by irrelevant information, yielding issues
like identity incoherence, abrupt motions, and flickering frames.

Therefore, in order to address the aforementioned challenges,
this paper proposes LaVieID, a local autoregressive video diffusion
framework to tackle the above issues. LaVieID improves the identity
preservation capabilities of DiTs from both spatial and temporal
perspectives. First, LaVieID introduces a local router that leverages
fine-grained facial structures, such as eyebrows, eyes, and mouth, to
provide spatial guidance on modeling feature correlations. Specifi-
cally, the proposed local router learns to reconstruct and refine the
latent tokens of subjects based on local facial structures, with adap-
tive weights that reflect the relative importance of these structures.
In this way, latent states related to facial structures and subject iden-
tity are emphasized, while those that are irrelevant are suppressed,
and consequently mitigate feature interference. Furthermore, a
temporal autoregressive module is introduced to enhance temporal
identity consistency. This module splits the denoised latent tokens
of videos into multiple sequential chunks and explicitly establishes
correlations between adjacent chunks, thus improving long-range
temporal dependencies across frames. With the local router and
the temporal autoregressive module, our LaVieID framework ef-
fectively overcomes the limitations of existing diffusion models in
identity preserving, and achieves state-of-the-art performance in
IPT2V generation, as shown in Figure 1.

In summary, LaVieID provides conventional DiTs with global
and unstructured attention with the ability to exploit local facial
structures and model long-range temporal dependencies, facilitat-
ing video customization with enhanced spatio-temporal identity

consistency and visual quality. The main contributions of this paper
are summarized as follows:

• We propose LaVieID, a novel framework that effectively ad-
dresses the identity-preserving text-to-video generation task.

• We introduce a local router to provide spatial structural guid-
ance by leveraging fine-grained facial cues.

• We devise a temporal autoregressive module to model long-
range temporal dependencies among frames.

•Comprehensive quantitative and qualitative analyses and a user
study validate that LaVieID outperforms state-of-the-art methods.

2 Related Work
2.1 Generative Models
Diffusion models. Diffusion-based video generation models can
be broadly categorized into UNet-based and transformer-based
approaches. Among UNet-based methods, an early approach [23]
extends the UNet architecture along the temporal dimension (using
a dilated 3D UNet) to adapt it for video generation. Building on
this, the latent video diffusion model [19] shifts from pixel space
to latent space to represent video frames by a lower dimension.
This effectively reduces computational and memory requirements,
albeit at the cost of certain fine details. Recently, transformer-based
video diffusion models have attracted considerable attention due to
their scalability. Notably, Latte [37] introduces one of the first T2V
diffusionmodels using a DiT architecture, which paves theway for a
series of subsequent models, such as Sora [40], Open-Sora [32], and
CogVideoX [60]. These models have achieved impressive progress
in simulating the physical world. However, they still face severe
challenges in maintaining identity consistency across frames.

Autoregressive models. The dominant paradigm of autoregres-
sion models is Next-token prediction that sequentially generates
discrete tokens obtained via vector quantization methods [54]. Rep-
resentative autoregression-basedmodels include CogVideo [24] and
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VideoPoet [30], and both of them employ transformer-based archi-
tectures to generate video tokens autoregressively conditioned on
previous context tokens. Specifically, CogVideo integrates hierarchi-
cal and multi-frame-rate training to enhance temporal coherence
aligned with textual prompts, while VideoPoet leverages multi-
modal inputs for flexible video synthesis. MAGVIT [64] employs
masked token prediction techniques to accelerate inference speeds,
and NOVA [7] uses continuous-valued tokens and intra-frame bidi-
rectional modeling for efficient generation. Teller [69] introduces an
autoregressive motion generation framework for real-time stream-
ing portrait animation, driven by audio inputs. It leverages causal
temporal attention and motion prediction priors to ensure respon-
siveness and consistency under streaming conditions. Meanwhile,
Neighboring Autoregressive Modeling[18] proposes a local tempo-
ral conditioning scheme that only attends to nearby frame tokens,
significantly improving short-term motion realism and reducing
autoregressive redundancy in long sequences.However, the dis-
creteness of tokens inherently causes spatio-temporal incoherence.
More recently, a new next-scale prediction paradigm [36, 52] tries
to handle this issue via predicting multi-scale latent representa-
tions of images, yet its employment to video generation remains
unexplored. Several studies [11, 13, 16, 43] design strategies for im-
proving temporal content consistency in the paradigm of frame in-
terpolation or extrapolation. Nevertheless, the general performance
of autoregression-based methods still requires further improvement
to rival that of diffusion models.

Hybrid models. Hybrid models integrate autoregression meth-
ods with diffusion models to exploit the temporal consistency
of autoregression approaches alongside the high-quality gener-
ation capabilities of diffusion models. For example, ACDiT [25]
employs a block-wise conditional diffusion mechanism within an
autoregression framework, preserving temporal coherence across
video segments. MaskFlow [9] introduces discrete token-based flow
matching within an autoregression setting, significantly acceler-
ating video generation and ensuring frame continuity. CausVid
[62] applies autoregression diffusion distillation, considerably re-
ducing diffusion inference steps and enabling near real-time gen-
eration without compromising visual quality or temporal coher-
ence. VideoWorld [44] integrates interactive prompting into an
autoregression-diffusion hybrid framework, facilitating user-guided
dynamic video generation. AR-Diffusion [50] introduces an asyn-
chronous latent diffusion framework conditioned on past latent
features in a chunk-wise autoregressive manner. By decoupling
motion prediction from high-fidelity synthesis, it enables tempo-
rally coherent and efficient video generation with fewer sampling
steps.Yet these methods are complex and inevitably modify the
original latent space of diffusion models, which requires expensive
computational costs and training data. Moreover, they still lack
structured modeling strategies of spatio-temporal identity consis-
tency, which is essential for the IPT2V task.

2.2 Personalized Content Synthesis
Personalized image synthesis. Recent advancements in image
synthesis have significantly progressed towards producing high-
quality, identity-consistent visuals. OneDiffusion [33] formulates
personalized synthesis tasks within a unified sequential modeling

framework, enabling tasks such as inpainting and novel view syn-
thesis by treating various conditional images as diverse viewpoints
of a single target. To further enhance the quality and personaliza-
tion, InfiniteYou [29] introduces a multi-stage training approach
incorporating supervised fine-tuning on synthesized personalized
images, thus notably improving visual fidelity and identity consis-
tency. ConsistentID [26] exploits local facial components to pre-
serve identity information by inserting their visual features into
text tokens. This strategy is effective in identity preservation, but it
also yields text contamination and is insufficient for feature disen-
tanglement. To address contamination of identity features, PuLID
[15] leverages contrastive alignment to facilitate clean insertion of
identity embeddings, mitigating undesirable feature blending.

Personalized video synthesis. Personalized video synthesis
emphasizes both spatial and temporal identity consistency, thus
facing additional challenges compared with personalized image
synthesis. ConsisID [66] proposes to decompose facial information
into low-frequency and high-frequency components, which are
modeled by a keypoint-based global extractor and a local extractor
supervised by face recognition, respectively. ID-Animator [17] ad-
dresses identity preservation in a zero-shot manner by leveraging
latent facial queries and identity-oriented datasets without requir-
ing task-specific fine-tuning. PersonVideo [35] uses multi-level
personalized tokens to maintain identity across video sequences
while allowing precise text following. Concat-ID [70] introduces a
scalable framework that integrates variational autoencoders with
video latents through 3D self-attention, leveraging cross-video pair-
ing and multi-stage training to tackle diverse and complex video
scenarios. Magic Mirror [67] integrates dual-branch facial feature
extraction with conditioned adaptive normalization within a DiT,
effectively balancing identity consistency and dynamic motion gen-
eration. Similarly, FantasyID [68] incorporates explicit 3D facial
geometry priors and multi-view augmentation into diffusion trans-
formers, enhancing the structural stability of facial identities. In
parallel, approaches oriented toward animation tasks, such as Ani-
Portrait [55], FaceShot [10], Hallo2 [6], and LivePortrait [14], have
focused primarily on facial motion synchronization or expression
control. Although these aforementioned methods substantially en-
hance the flexibility and quality of video generation, the global and
unstructured feature correlations in their architectures still hinder
their abilities in identity preservation.

3 Methodology
We present the details of LaVieID in this section. We begin by for-
mulating the identity-preserving text-to-video (IPT2V) generation
task and providing the overall framework of LaVieID in Sec. 3.1.
We then introduce the two key components of LaVieID, including
a local router (Sec. 3.2) and a temporal autoregressive module (Sec.
3.3) for enhancing spatial and temporal identity consistency, re-
spectively. At last, the learning objectives of LaVieID are provided
in Sec. 3.4.

3.1 Overall Framework
Task formulation. Given a reference image of a target person
and a text prompt, our goal is to generate a corresponding video of
the target person with spatially and temporally coherent identity.
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Figure 2: The proposed LaVieID framework. Two key components are introduced to improve the baseline DiT in spatio-temporal
identity preservation: (i) A local router exploits local facial tokens to incorporate spatial structures into latent tokens; (ii) A
temporal autoregressive module establishes long-range temporal dependencies in denoised tokens.

Formally, we formulate the video generation process by a latent
diffusion model (LDM) [21, 60] guided by the following learning
objective:

L𝑑𝑖 𝑓 𝑓 = E𝑡,𝜖,z0 | |𝜖 − 𝜖𝜃 (
√
𝑎𝑡 z0 +

√
1 − 𝑎𝑡𝜖, 𝑡) | |2, (1)

where 𝜖𝜃 denotes the LDM with trainable parameters 𝜃 . 𝜖𝜃 can
be interpreted as an iterative process consisting of 𝑇 denoising
steps that gradually restores the joint latent representation of the
reference image and the text prompt z0 from a random noise 𝜖 ∼
N(0, I). 𝑡 ∈ [1,𝑇 ] denotes an arbitrary denoising step and 𝑎𝑡 is a
hyperparameter controlling the noise scale at the 𝑡-th step.

In this paper, we implement 𝜖𝜃 based on a cutting-edge text-to-
video model [60], in which multiple DiT blocks with 3D hybrid
full attention are used to model global spatio-temporal contexts.
However, these attention modules disregard facial structures and
calculate correlations across all latent tokens, which are prone to
feature interference and loss of target identity. Hence, we develop
the following LaVieID framework to address these limitations.

LaVieID framework. The framework of LaVieID is shown in
Figure 2. In parallel with the text and vision encoders of the baseline
model, an off-the-shelf segmentation network [63] is employed to
extract𝑀 local facial components (such as eyes, nose, and lips) from
the target image. Subsequently, a local encoder embeds these facial
components into𝑀 corresponding token sequences. As the subject
structures in synthesized videos are mainly influenced by front DiT
blocks [4], we propose to inject the facial token sequences into the
first DiT block of the baseline model via a local router. This router is
designed to model the correlations between the joint latent tokens
and the local facial token sequences, so that the facial structures
can be leveraged adaptively to refine the joint latent tokens and
better preserve identity information. The latent tokens processed
by all DiT blocks after 𝑇 iterations are noise-free. Before decoding
them into the output video, we further improve their temporal
consistency via an autoregressive module. This module splits the
denoised tokens into multiple chunks temporally (i.e., along the

frame axis), and progressively refines the tokens in one chunk
by predicting their biases conditioned on those in the preceding
chunk. This ensures explicit long-range temporal dependencies
among the denoised tokens, thus overcoming the limitations of the
temporally independent and unstructured denoising process of the
baseline model. Consequently, the proposed LaVieID framework
is capable of generating latent representations with high spatio-
temporal identity consistency to address the IPT2V task.

3.2 Local Router
The proposed local router is devised to disentangle global facial
information into fine-grained local representations, thereby enhanc-
ing spatial identity consistency. The pioneering research on per-
sonalized image synthesis [26] also proposes to exploit local facial
components. Nevertheless, it simply incorporates component-level
features into text tokens, which contaminates textual information
and hinders the ability of its model in feature disentanglement. In
contrast, our local router estimates and modulates the influences
of local facial components on the joint latent tokens, thus it can
emphasize identity-related tokens while suppressing those that are
irrelevant to better preserve identity information.

Specifically, let l𝑚 ∈ R𝐿×𝐷 denote one of the local facial token
sequences, where 𝐿 is the number of tokens, 𝐷 is the feature dimen-
sion, and𝑚 ∈ [1, 𝑀]. For the conciseness of presentation, we omit
the index of denoising time step and denote the joint latent tokens
as z ∈ R𝐿′×𝐷 ′

. The proposed local router calculates the token-wise
weights for each component w𝑚 ∈ [0, 1]1×𝐿′ as follows:

w𝑚 = 𝜎 (W𝑚
˜l𝑚W𝑙W

T
𝑧 z̃

T), (2)

where ˜l𝑚 and z̃ are l𝑚 and z after layer normalization [1]. W𝑙 ∈
R𝐷×𝐷 ′′

and W𝑧 ∈ R𝐷 ′×𝐷 ′′
are two linear transformations that

project l𝑚 and z into the same latent space. T represents the matrix
transpose operator. It is easy to see that ˜l𝑚W𝑙WT

𝑧 z̃T actually models
the correlations among all tokens in l𝑚 and z, whileW𝑚 ∈ R1×𝐿 is
used to aggregate the correlations w.r.t. each token in z. 𝜎 denotes
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(a) Next-token Prediction
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Figure 3: The proposed temporal autoregressive module against other autoregression-based mechanisms. Existing autoregres-
sion methods rely on predicting (a) discrete tokens [31, 65], (b) multi-scale tokens [36, 52], or (c) inter-frame tokens [11, 16], of
which the visual quality remains inferior to that of diffusion models. (d) Hybrid models [3, 23, 38, 45] leverage the advantages
of diffusion models in visual quality and autoregression models in temporal modeling. Yet their schemes are complicated and
require intensive resources. (e) Our module models long-range temporal dependencies across frames on the chunk-wise level.
Note that it is applied on denoised tokens, and hence it will not alter the latent space of the baseline DiT while enjoying the
advantages of both diffusion models and autoregression models efficiently.

the softmax function, which is used to normalize w across all 𝑀
facial components.

Subsequently, we leverage the component weights to refine z
and improve spatial consistency as follows:

z∗ = z + 𝛼
𝑀∑︁

𝑚=1
wT
𝑚 ⊙ 𝜑 (l𝑚, z) . (3)

Here, 𝜑 : R𝐿×𝐷 ×R𝐿′×𝐷 ′ → R𝐿′×𝐷 ′
is a function that reconstructs

z using the tokens in l𝑚 as the bases, akin to the cross-attention
mechanism for feature interactions [15], where l𝑚 serves as both the
keys and the values, and z are considered as the queries. ⊙ denotes
the (broadcastable) element-wise product. 𝛼 is a hyperparameter
controlling the scale of the spatial enhancement. Based on Eqs.
(2) and (3), we can expect that a properly optimized router will
assign higher weights to identity-related and discriminative tokens,
thereby facilitating effective identity preservation.

As for the local encoder, we adopt the architecture proposed in
[66], which was originally designed for extracting high-frequency
patterns, such as contours. However, as the goal of our local encoder
is to embed local facial structures, we fine-tune it alongside the local
router and the temporal autoregressive module during training our
model, rather than keeping it fixed.

3.3 Temporal Autoregressive Module
In addition to the local router for improving frame-wise identity
consistency, we introduce the temporal autoregressive module,
which aims at cross-frame identity consistency to ensure overall
video quality. The core idea of the proposed autoregressive module
is to incorporate explicit temporal dependencies into latent tokens
to alleviate abrupt changes in appearance and motion.

Figure 3 demonstrates the architecture of the proposed autore-
gressive module. This module takes the denoised latent tokens prior
to decoding as input, splits them along the frame axis into multiple
chunks, and predicts their corresponding biases sequentially for

temporal refinement. Moreover, at the beginning of each chunk, the
last enhanced frame from the preceding chunk is inserted, thereby
forming a “teacher forcing” paradigm [57] that prevents the en-
hanced tokens from deviating excessively from the original content.
Assume the shape of denoised latent tokens z0 remains 𝐿′ × 𝐷′

and the number of chunks is 𝐾 , we denote an arbitrary chunk as
c𝑘 ∈ R(1+ 𝐿′

𝐾
)×𝐷 ′

, 𝑘 ∈ [1, 𝐾]. The temporally enhanced chunk c∗
𝑘
is

obtained as follows:

c∗
𝑘
= c𝑘 + 𝛽b𝑘 , b𝑘 = 𝜑 (𝜓 (c∗

𝑘−1), c𝑘 ), (4)

where b𝑘 ∈ R(1+ 𝐿′
𝐾
)×𝐷 ′

denotes the predicted latent biases. 𝜑 is a
cross-attention module with the same architecture used in the local
router. 𝜓 is an efficient transformer block that alternately stacks
𝑁 multi-head self-attention modules and feedforward layers. We
employ two techniques within𝜓 to facilitate temporal context mod-
eling. First, we add the input tokens of𝜓 with the rotary position
embeddings (RoPE) [49] corresponding to their frame indexes to
incorporate temporal information. Second, to impose the temporal
order constraint on the frames, we employ causal masking [59]
on the outputs of the self-attention modules. Consequently,𝜓 can
capture the temporal contexts in c∗

𝑘−1 and interact with c𝑘 via 𝜑 ,
similar to the spatial enhancement paradigm proposed in Eq. (3). 𝛽
is a hyperparameter for weighting the biases.

Discussion. Figure 3 summarizes the differences between the
proposed autoregressive module with other autoregression meth-
ods employed in mainstream generative models. Compared with
existing approaches, the advantages of our module are threefold:
(i) Our module can fully leverage the superior generation abilities
of well-developed diffusion models, compared with methods that
merely rely on autoregression [31, 36, 52, 65]. (ii) Instead of directly
predicting latent tokens, our method predicts biases. This is more
stable compared to [11, 16] because the latent tokens initially gen-
erated by the baseline LDM serve as a favorable starting point and
help to address the accumulation of deviations. (iii) In contrast to
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hybrid models [3, 23, 38, 45], our module is employed as a plug-in
appended to the end of the denoising process. This allows TAM to
maintain the original latent space of the base model and improve
the temporal consistency efficiently and allows us to train it effi-
ciently (with only one GPU). Besides, temporal correlations in TAM
are calculated on the chunk level instead of frame-by-frame, which
alleviates drastic latent changes in noisy frames and improves the
temporal stability of our synthesized videos.

3.4 Network Optimization
Besides the standard diffusion loss L𝑑𝑖 𝑓 𝑓 defined in Eq. (1), we
propose to use the cross-entropy loss between the output logits of
the local router and the ground-truth face segmentation masks for
training, namely,

L𝑟𝑜𝑢𝑡𝑒 = −
𝑀∑︁

𝑚=1
y𝑚 ⊙ logw𝑚 . (5)

Here y𝑚 ∈ {0, 1}1×𝐿′ is the ground-truth, where an element equals
1 means that the corresponding token belongs to the 𝑚-th com-
ponent, and 0 otherwise. Hence, minimizing L𝑟𝑜𝑢𝑡𝑒 encourages
the router to recognize local facial structures and facilitate identity
preservation.

The total objective function for training our LaVieID framework
is given as follows,

Ltotal = 𝜆diff Ldiff + 𝜆route Lroute, (6)

where 𝜆diff and 𝜆route are hyperparameters balancing overall video
quality and identity preservation.

4 Experiment
In this section, we validate the proposed LaVieID framework via
extensive experiments. Interested readers can refer to our project
website for more results and details.

4.1 Setup
Implementation details. All our experiments are conducted on a
single A100 GPU. We use𝑀 = 6 facial component classes, includ-
ing eyebrows, eyes, mouth, nose, facial skin region, and hair. For
local facial token sequences, the number of tokens 𝐿 is set to 32
and the feature dimension 𝐷 is set to 2048. The length and feature
dimension of latent tokens,𝐿′ and 𝐷′, are set to 17750 and 3072.
The inner feature dimension in the local router 𝐷′′ = 2048 and the
transformer block in the temporal autoregressive module contains
𝑁 = 6 layers. The number of chunks 𝐾 is set to 4. The hyperparam-
eters controlling spatial and temporal enhancement, 𝛼 and 𝛽 , are
set to 1 and 0.2, respectively. The trade-off weights between L𝑑𝑖 𝑓 𝑓

and L𝑟𝑜𝑢𝑡𝑒 , are set as 𝜆diff = 𝜆route = 1. We adopt AdamW as the
optimizer and train our models with a batch size of 1 and a learning
rate of 3 × 10−6 for 10K steps, which takes approximately 60 hours.
We employ classifier-free guidance (CFG) [22] with random null
text prompts at a ratio of 0.1. We use DDIM [48] for inference with
𝑇 = 50 denoising steps and a CFG scale of 6.

Datasets and Metrics. We follow the experiment settings of
[66] and use its dataset for training and evaluation, including ap-
proximately 30K short video clips for training; 30 different sub-
jects disjoint from the training set, with about 5 reference images

per subject, and 90 curated prompts for evaluation. We resize all
videos to 720 × 480 with the frame rate of 8 frames per second
and 49 frames per video. To evaluate the proposed method com-
prehensively, we adopt multiple widely-used metrics, including
the subject/background consistency from [28] that measures tem-
poral quality, FID [20] that evaluates the reality of synthesized
videos, and FaceSim-Curricular/ArcFace from [8] that calculate the
ID similarity between reference images and generated videos.

4.2 Comparison with State-of-the-arts
We compare LaVieID with four open-source state-of-the-art IPT2V
methods, including ConsisID [66], ID-animator [17], CogvideoX+IPA
(i.e., CogvideoX [60] with IP-Adapter [61]), and Concat-ID [70] us-
ing the same evaluation protocol.

Quantitative analysis. Table 1 summarizes the performance
of LaVieID and the baselines. LaVieID outperforms all competitors
on identity-centered metrics, including FaceSim-Curricular and
FaceSim-ArcFace. It also excels at temporal quality and obtains
the highest subject and background consistency values. As for the
FID metric, LaVieID is the second best but still slightly worse than
CogvideX+IPA (174.121 vs. 167.117). This is because the IPT2V task
does not have matched training data and hence can be considered
as an out-of-distribution generalization task per se. In this context,
CogvideX+IPA is less generalizable, and its results are more likely
to follow the distributions of its original large-scale training data.
Consequently, its synthesized videos seem more realistic. This can
be validated by its FaceSim-Curricular and FaceSim-Arcface scores
(0.105 and 0.074), which are much worse than those of LaVieID
(0.425 and 0.401). These scores indicate that CogVidex+IPA is less
affected by target subjects and is confined to in-domain predictions.
On the contrary, LaVieID better balances video quality and identity
preservation, obtaining competitive performance on all five metrics.

Qualitative analysis. Figure 4 provides the visual comparison
of video examples generated by different methods. Compared to
the baselines, LaVieID produces identity-faithful content of satis-
factory quality, even with complex conditions involving diverse
poses, motions, expressions, and scenarios. In contrast, ID-animator
fails to maintain coherent face representations, and occasionally
cannot focus on the subject (e.g., in the first example). ConsisID,
while exhibiting relatively stable identity, suffers from poor text
alignment in some cases, such as missing the scene description
in the second example (e.g., “golden autumn trees” and “leaves”).
Moreover, we observe that it changes some facial attributes ac-
cidentally. For example, in Figures 1 (the second example) and 4
(the third example), it mistakenly turns both the rather “young”
subjects into elders by adding lots of wrinkles. The qualitative ex-
amples of CogVideoX+IPA support our opinion that it is ineffective
in out-of-distribution generalization and preserving target identity.
In summary, the quantitative results of LaVieID align well with
its qualitative results, suggesting it is a considerable solution for
IPT2V generation.

4.3 Ablation Studies
To validate the effectiveness and contributions of each proposed
component in LaVieID, we conduct a series of ablation studies.
Limited by our computational resources, we select a subset of the
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The woman, elegantly posed and smiling towards the camera, stands 
amidst a breathtaking landscape, with rolling hills bathed in the warm 
glow of the golden hour creating an idyllic backdrop.  Bathed in soft 
light and the play of shadows, the scene captures a sense of serenity and 
momentary bliss.  A gentle breeze ruffles through the woman's hair, 
adding a sense of movement and vitality to the harmonious composition.

LaVieID (Ours)

Concat-ID

CogVideoX+IPA

ConsisID

ID-Animator

A man with bright eyes stands beneath the golden autumn trees, the 
vibrant colors of his scarf and cozy sweater casting warm shadows 
across his face as he gather fallen leaves, the gentle breeze playfully 
tugging at his attire, creating an atmosphere of serene joy in the dappled 
sunlight.

Concat-ID

CogVideoX+IPA

LaVieID (Ours)

ConsisID

ID-Animator

A man sits comfortably in a cozy armchair by the window, bathed in the 
warm glow of the afternoon sun, flipping pages of an intriguing novel. 
As he absorb the story, a gentle breeze ruffles his hair, prompting him 
to glance up with a radiant smile. his fingers absentmindedly play with 
the corner of the page, casting playful shadows on the book's cover, as 
the tranquil atmosphere invites a moment of peaceful reflection.

LaVieID (Ours)

Concat-ID

CogVideoX+IPA

ConsisID

ID-Animator

Figure 4: Visual comparisons of the proposed LaVieID against state-of-the-art methods.

Table 1: Quantitative comparisons of the proposed LaVieID framework against state-of-the-art methods.

Method Subject
Consistency ↑

Background
Consistency ↑

FaceSim
Curricular ↑

FaceSim
ArcFace ↑ FID ↓ Human Evaluation

VQ ↑ TA ↑ DD ↑ IDS ↑
ID-animator [17] 0.691 0.704 0.052 0.054 201.33 0.148 0.154 0.134 0.049
Concat-ID [70] 0.708 0.714 0.291 0.278 204.465 0.160 0.166 0.150 0.186

CogvideoX+IPA [60] 0.743 0.768 0.105 0.074 167.117 0.212 0.188 0.227 0.106
ConsisID [66] 0.731 0.765 0.412 0.389 178.447 0.131 0.144 0.163 0.155
LaVieID (Ours) 0.747 0.773 0.425 0.401 174.121 0.350 0.348 0.326 0.504

Table 2: Ablation study on the proposed components.

Module Subject
Consistency ↑

Background
Consistency ↑

FaceSim
Curricular ↑

FaceSim
ArcFace ↑ FID ↓

Baseline 0.672 0.736 0.312 0.291 203.04
w/ LR 0.740 0.742 0.361 0.334 178.663
w/ TAM 0.725 0.756 0.358 0.327 186.374
LaVieID 0.755 0.775 0.428 0.398 168.714

test dataset for evaluation in this section. More ablation study
results can be found in our project website.

To evaluate the contribution of each key component in LaVieID,
we constructed two variants for assessment: one combining the
baseline DiT with the local router (denoted as w/ LR) and the other
with the temporal autoregressive module (denoted as w/ TAM). The
quantitative results of these two variants are reported in Table 2,
from which we can observe that both components yield consid-
erable performance gains in all metrics. It should be noted that
the objectives of these components differ: the local router aims at
spatial identity consistency, whereas the temporal autoregressive
module, as its name suggests, is designed for improving tempo-
ral identity consistency. Hence, it is reasonable that the baseline
w/ LR outperforms its counterpart w/ TAM on identity-centered

metrics (FaceSim-Curricular/ArcFace). This can also be supported
by a more intuitive comparison based on temporal quality met-
rics. Specifically, while the baseline w/ LR exhibits higher subject
consistency, the baseline w/ TAM achieves superior performance
in background consistency. These results suggest that the tempo-
ral autoregressive module tends to improve the overall temporal
consistency, while the local router focuses more on the subject.
Therefore, we can conclude that both components effectively fulfill
their intended purposes, and their integration within the LaVieID
framework yields the best overall performance.

The visual comparison between the above variants of our method
is shown in Figure 5. Compared with the visual examples gener-
ated by the baseline w/ LR, those by the baseline w/ TAM exhibit
a few identity distortions. For instance, the hairs of both subjects
are changed by the latter variant. This is in accordance with our
above discussion that the identity consistency benefits more from
the local router, while the temporal consistency is improved by the
proposed autoregressive module. Another interesting phenomenon
is that the baseline w/ TAM tends to generate videos with smaller
yet more dynamic subjects, which may also be the reason for its
lower performance in subject consistency compared with that of
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Baseline

w/ LR

w/ TAM

LaVieID

A woman, with serene eyes and a gentle smile, softly gazes downward as 
she delicately hold a blooming flower in her hands, standing amidst a 
sun-dappled garden. The warm light casts soft shadows across her face, 
enhancing the calm and peaceful atmosphere while a gentle breeze rustles 
the leaves around her.

The woman, a person with rosy cheeks and sparkling eyes, stands in front 
of snow-blanketed trees, warmly smiling while playfully tossing a snowball 
into the crisp winter air. A gentle afternoon light filters through the frost-
laden branches, casting intricate shadows on the fresh snow, creating an 
atmosphere of serene joy.

Figure 5: Visual ablation studies on the proposed components.

the baseline w/ LR. On the other hand, this also means that the tem-
poral autoregressive module facilitates more diverse and smoother
motions. For example, in the left column of Figure 5, the results
of the baseline and the variant w/ LR do not exhibit the motion
of “softly gazes downward”, which is achieved by the baseline w/
TAM successfully. This suggests a potential solution to alleviate the
limitation of IPT2V models in motion control. That is, the precise
generation of subject motions merely by texts is possible, if we can
construct the long-range and appropriate temporal correlations
between the text descriptions of motions and latent tokens. Finally,
LaVieID with the full architecture overcomes the limitations of both
the variants and achieves the best visual results.

4.4 User Study
In the field of video synthesis, whether manually crafted metrics
can be fully aligned with human preferences is a controversial and
unsolved issue [28, 53]. Therefore, we further conduct a user study
to provide a subjective evaluation of different methods. Specifically,
we assess the quality of generated videos across four dimensions,
including visual quality (VQ), text alignment (TA), dynamic degree
(DD), and identity similarity (IDS), to provide a comprehensive
performance evaluation from the human perspective. We design
a questionnaire of 50 questions and invite 30 participants. In each
question, we randomly show the synthesized videos of LaVieID
and the baselines, and ask the participants to choose the best one
based on the above four criteria.

The results of this user study are reported in Table 1, from which
we can see that the synthesized videos of LaVieID are favored by

most participants across all four criteria. Particularly, more than
half of the participants agree that LavieID achieves the best identity-
preserving results, which we owe to the proposed local router and
the temporal autoregressive module for enhancing spatio-temporal
identity consistency.

5 Conclusion
This paper introduces a spatio-temporal identity-enhancing frame-
work named LaVieID to complete personalized text-to-video gen-
eration. The proposed approach tackles the intrinsic limitations
of existing diffusion transformers with two carefully devised com-
ponents, including a local router and a temporal autoregressive
module. The local router dynamically emphasizes fine-grained fa-
cial structures to refine latent tokens. The temporal autoregressive
module ensures temporal coherence through explicit modeling of
long-range dependencies. Extensive quantitative and qualitative
experiments and a user study validate that LaVieID significantly
surpasses state-of-the-art methods, particularly in terms of identity
consistency and visual quality.
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