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Reference Image

Reference Image

a man standing next to an airplane, engaged in a conversation on his cell phone ... wearingsunglasses and a black top .. talking seriously ... airplane has a green
striperunning along its side, and there is a large engine visible behind his ...

< - ~2 . <

a young woman with long blonde hair ... front of a lush, green bush...white flowers ... wearing a black top ... smiling and looking at the camera while gently touching
the flowers on the bush ... then bends downslightly and smells one of theflower...

...aman ... his gaze focused and infense as he holds the basketball ... dressed in athletic gear ... The basketball is positioned firmly in his hands as he gradually
puts it down ... urban street court, with the fading light of dusk casting a soft glow over the scene. The man's serious expression and steady grip on the ball ...

Reference Image

ayoung boy sitting at a table, eating a piece of food. He appears to be enjoying his meal, as he takes a bite and chews it. The boy is wearing a blue shirtand has

short hair ...background is dark, with some light coming from the left side of the frame. There is a straw visible on the right side of the frame ...
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Figure 1. Examples of identity-preserving video generation (IPT2V) by our ConsisID. Given a reference image, our method can
generate realistic and personalized human-centered videos while preserving identity. Red indicates that attributes in long instructions.

Abstract

Identity-preserving text-to-video (IPT2V) generation aims
to create high-fidelity videos with consistent human iden-
tity. It is an important task in video gemeration but re-
mains an open problem for generative models. This paper
pushes the technical frontier of IPT2V in two directions that
have not been resolved in the literature: (1) A tuning-free

pipeline without tedious case-by-case finetuning, and (2)
A frequency-aware heuristic identity-preserving Diffusion
Transformer (DiT)-based control scheme. To achieve these
goals, we propose ConsisID, a tuning-free DiT-based con-
trollable IPT2V model to keep human-identity consistent
in the generated video. Inspired by prior findings in fre-
quency analysis of vision/diffusion transformers, it employs
identity-control signals in the frequency domain, where fa-
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cial features can be decomposed into low-frequency global
features (e.g., profile, proportions) and high-frequency in-
trinsic features (e.g., identity markers that remain unaf-
fected by pose changes). First, from a low-frequency per-
spective, we introduce a global facial extractor, which en-
codes the reference image and facial key points into a la-
tent space, generating features enriched with low-frequency
information. These features are then integrated into the
shallow layers of the network to alleviate training chal-
lenges associated with DiT. Second, from a high-frequency
perspective, we design a local facial extractor to capture
high-frequency details and inject them into the transformer
blocks, enhancing the model’s ability to preserve fine-
grained features. To leverage the frequency information
for identity preservation, we propose a hierarchical train-
ing strategy, transforming a vanilla pre-trained video gen-
eration model into an IPT2V model. Extensive experiments
demonstrate that our frequency-aware heuristic scheme
provides an optimal control solution for DiT-based models.
Thanks to this scheme, our ConsisID achieves excellent re-
sults in generating high-quality, identity-preserving videos,
making strides towards more effective IPT2V.

1. Introduction

Large-scale pre-trained video diffusion models [26, 62, 72,
73] have facilitated a variety of downstream applications
[47, 52, 65, 66, 68, 70], particularly in identity-preserving
text-to-video (IPT2V) [7, 33, 56, 58, 59]. However, ex-
isting methods face significant challenges, particularly the
high overhead associated with the need for case-by-case
finetuning, which diminishes their applicability. Within the
open-source community, only the ID-Animator [15] can im-
plement tuning-free IPT2V, but it can only generate videos
similar to talking head [55] and has poor id preservation.
Additionally, the above efforts are predominantly based
on U-Net and cannot be adapted to the emerging DiT-based
video model [26, 60, 62, 72, 73]. This challenge may stem
from the inherent limitations of DiT compared to U-Net, in-
cluding greater difficulty in training convergence and weak-
ness in perceiving facial details. From some prior findings
in frequency analysis of vision/diffusion transformers [2—
4,42, 48, 53, 67], we can know that the reason is: Find-
ing 1: Shallow (e.g., low-level, low-frequency) features are
essential for pixel-level prediction tasks in diffusion mod-
els, as they ease model training. U-Net facilitates model
convergence by aggregating shallow features to the decoder
via long skip connections, a mechanism that DiT does not
incorporate; Finding 2: Transformers have limited percep-
tion of high-frequency information, which is important for
preserving facial features. The encoder-decoder architec-
ture of U-Net naturally possesses multi-scale features (e.g.,
richness in high-frequency), while DiT lacks a comparable

structure. To develop a DiT-based control model, it is nec-

essary to address these issues first.

For ID-preserving video generation, the challenges stem
from the requirement for each frame to incorporate both
high-frequency (e.g., age- and make-up-independent iden-
tity markers) and low-frequency information (e.g., facial
shape) derived from the reference image, which can just
be used to make up for the DiT defects mentioned above.
Therefore, we propose ConsislD, to keep the identity con-
sistency in video generation by frequency decomposition,
based on the previously Findings of DiT in frequency anal-
ysis. Thanks to the large-scale pre-trained DiT, we can
use its powerful capabilities to achieve tuning-free effects.
ConsisID decouples identity features into high- and low-
frequency signals, which are injected into specific loca-
tions within the DiT, facilitating efficient IPT2V generation.
Specifically, in line with Finding 1, we first convert the ref-
erence image and the facial key points to the low-frequency
signal, then concatenate them with input noise latent to ease
the training. Following Finding 2, we utilize a dual-tower
feature extractor to capture high-frequency facial informa-
tion, which is integrated with vision tokens within the trans-
former block, thereby enhancing the DiT’s high-frequency
perception capabilities. Finally, to transform the pre-trained
model into an IPT2V model and improve its generalization,
we further introduce a hierarchical training strategy.

Our contributions can be summarized as follows:

* We introduce ConsislID, a tuning-free identity-preserving
DiT-based IPT2V model, which preserves the identity of
the main subject of the video using control signals from
frequency decomposition.

* We propose a hierarchical training strategy, including
coarse-to-fine training, dynamic mask loss, and dynamic
cross-face loss, which work together to facilitate training
and enhance generalization effectively.

» Extensive experiments demonstrate our ConsisID can
generate high-quality, editable, consistent identity-
preserving videos, benefiting from our frequency-aware
identity-preserving T2V DiT-based control scheme.

2. Related Work

Tuning-based Identity-preserving T2V Models. Diffu-
sion models are widely recognized for their strong gener-
ative capabilities [19, 37, 40, 41, 46, 68, 69], significantly
advancing the development of identity-preserving genera-
tive models [8, 34, 57, 70]. Initially, the researchers used
tuning-based methods to generate content that matched
the input ID. This process requires finetuning pretrained
model for each new person during inference. For exam-
ple, DreamBooth [44] introduced a novel loss function to
fine-tune the entire network, embedding identity informa-
tion while preserving the original generative capabilities.
LoRA [21], similar to DreamBooth [44], requires training
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Figure 2. Overview of the proposed ConsisID. Based on Findings of DiT, low-frequency facial information is embedded into the shallow
layers, while high-frequency information is incorporated into the vision tokens within the attention blocks. The ID-preserving Recipe is
applied to ease training and improve generalization. The cross face, DropToken and Dropout are executed based on probability.

only a small subset of network parameters. In contrast,
Textual Inversion [11] freezes the pretrained network and
embeds identity information into a trainable word embed-
ding. Subsequent tuning-based methods, including both
image and video models based on U-Net or DiT architec-
tures [7, 25, 45, 56, 58, 59], generally follow three main
approaches. While these models demonstrate substantial ef-
fectiveness, the requirement to fine-tune for each new iden-
tity restricts their practical applicability.

Tuning-free Identity-preserving T2V Models. To ad-
dress the issue of high resource consumption, several
tuning-free diffusion models have recently emerged in the
field of image generation [13, 14, 29, 54, 63]. These models
do not require finetuning parameters for newly introduced
IDs during inference. For instance, IP-Adapter [63] uti-
lizes the CLIP [39] features of the identity image through
cross-attention to guide the pretrained model in generating
identity-preserving images. InstantID [54] extends this ap-
proach by replacing CLIP [39] features with Arcface [10]
features and integrating a pose network to adjust facial pro-
portions. Unlike these initial methods, which introduce con-
trol signals via visual tokens, PhotoMaker [29] and Imag-
ine Yourself [16] leverage text tokens. Specifically, Pho-
toMaker [29] concatenates identity features obtained from
the CLIP encoder [39] to the text embedding, while Imagine
Yourself [16] uses element-wise addition for feature fusion.
In the domain of video generation, only MovieGen [38]
and ID-Animator [15] currently support ID-preserving text-
to-video (IPT2V) generation. MovieGen is closed-source,
whereas ID-Animator is open-source but uses a methodol-
ogy similar to image models, leading to lower-quality iden-
tity preservation in the generated videos. We select the

emerging DiT architecture [26, 32, 62, 72] and optimize
it for IPT2V, drawing on conclusions from prior frequency
analyses [2—4, 42, 48, 53]. This enables high-quality, ed-
itable, and consistent ID-preserving video generation.

3. Methodology

3.1. Preliminaries

Diffusion Model. Text-to-video generation models usu-
ally utilize the diffusion paradigm, which gradually trans-
forms noise ¢ into a video x. Originally, denoising was
conducted directly within the pixel space [20, 49, 50]; how-
ever, due to significant computational overheads, recent
methods predominantly employ latent space [12, 24, 43,
68]. The optimization process is defined:

La = Ewo,t,y,e |:||6 — €9 (xo,t,T@(y))Hg} ’ (1)

where y is text condition, € is sampled from a standard nor-
mal distribution (e.g., ¢ ~ N(0,1)), and 7y(-) is the text
encoder. By replacing x with £ (), the latent diffusion is
derived, which is used by ConsisID.

Diffusion Transformer. The DiT-based video generation
model shows significant potential in simulating the physical
world [6, 62, 73]. Despite being a novel architecture, re-
search on controllable generation has been limited, and cur-
rent methods [9, 13, 38, 71] largely resemble U-Net based
approaches [11, 34, 70]. However, no study has yet exam-
ined why this approach works with DiT. Drawing from prior
analyses of Diffusion and Transformer from a frequency
domain perspective [2—4, 42, 48, 53], we conclude that:
(1) Low-level (e.g., shallow-layer) features are essential for
pixel-level prediction tasks in diffusion models, which helps



facilitate model training; (2) Transformers have limited per-
ception for high-frequency information, which is important
for controllable generation. Based on these, we decouple
ID features into high- and low-frequency parts and inject
them into specific locations, achieving effective identity-
preserving text-to-video generation.

3.2. ConsisID: Keep Your Identity Consistent

The overview is illustrated in Figure 2. Given a reference
image, the global facial extractor and local facial extrac-
tor inject both high- and low-frequency facial information
into model, which then generates identity-preserving videos
with the assistance of the consistency training strategy.

3.2.1. Low-frequency View: Global Facial Extractor

In light of Finding 1, enhancing low-level (e.g., shallow,
low-frequency) features accelerates model convergence. To
easily adapt a pre-trained model for the IPT2V task, the
most direct approach is concatenating the reference face
with the noise input latent [5]. However, the reference
face contains both high-frequency details (e.g., eye and lip
textures) and low-frequency information (e.g., facial pro-
portions and contours). From Finding 2, prematurely in-
jecting high-frequency information into the Transformer is
inefficient and may hinder the model’s processing of low-
frequency information, as the Transformer focuses primar-
ily on low-frequency features. In addition, feeding the ref-
erence face directly into the model could introduce irrele-
vant noise such as lighting and shadows. To mitigate this,
we extract facial key points, convert them to an RGB im-
age, and then concatenate it with the reference image, as
shown in Figure 2. This strategy focuses the model’s atten-
tion on the low-frequency signals in the face, while min-
imizing the impact of extraneous features. We found that
when this component is discarded, the model has a gradient
explosion. The objective function is changed to:

[’b = EmOatﬂwaae I:HE — €0 (xO,t,TG(y), 1/16(]0))“3} ’ (2)

where 1y () is the global facial extractor, f represents the
reference image.

3.2.2. High-frequency View: Local Facial Extractor

In light of Finding 2, we recognize that Transformers have
limited sensitivity to high-frequency information. It can be
concluded that relying solely on global facial features is
insufficient for IPT2V generation, as global facial features
primarily consist of low-frequency information and lack the
intrinsic features necessary for editing. This task requires
not only maintaining identity consistency, but also incor-
porating editing capabilities, such as generating videos of
faces with the same identity but varying age and makeup.
Achieving this requires the extraction of facial features that
are unaffected by non-ID attributes (e.g., expression, pos-
ture, and shape), since age and makeup do not alter a per-
son’s core identity. We define these features as intrinsic
identity features (e.g., high-frequency).

Previous research [14—16] use local features from the
CLIP image encoder [39] as intrinsic features to improve
editing capabilities. However, since CLIP is not specifi-
cally trained on face datasets, the extracted features con-
tain harmful non-face information [29, 54, 63]. Therefore,
we choose to use a face recognition backbone [10] to ex-
tract intrinsic identity features. Instead of using the output
of the backbone as the intrinsic identity feature, we use the
penultimate layer, which retains more spatial information
related to identity. However, these features still lack suf-
ficient semantic information [13, 14], which is crucial for
personalized video generation.

To address these issues, we first use a facial recognition
backbone to extract features that are strong in the intrinsic
identity representation, and a CLIP image encoder to cap-
ture features that are strong in semantics. We then use the
Q-former [27, 28, 61] to fuse these two features, producing
intrinsic identity features enriched with high-frequency se-
mantic information. To reduce the impact of irrelevant fea-
tures from CLIP, dropout [1, 22] is applied before entering
into Q-Former. Additionally, we concatenate the shallow,
multi-scale features from the facial recognition backbone,
after interpolation, with the CLIP features. This method en-
sures that the model effectively captures essential intrinsic
identity features while filtering out external noise unrelated
to identity. After extracting the intrinsic id features, we ap-
ply cross-attention to interact with the visual tokens pro-
duced by each attention block of the pre-trained model, ef-
fectively enhancing the high-frequency information in DiT:

Z! = Z; + Attention(QY, K/, V1), 3)

where ¢ represents the layer number of the attention block,
Q" = Z;W1, K! = FWF, and V/ = FW?, where Z;
is the visual token, F' represents the intrinsic identity fea-
tures, and W, Wy, and W, are trainable parameters. The
objective function is changed to:

Lo =Eagys.e[lle— e (zo,t,m0(y), e (), 0o(F))2], @

where ¢ (+) is the local facial extractor.

3.2.3. Consistency Training Strategy

During training, we randomly select a frame from the train-
ing frames and apply the Crop & Align [10] to extract the fa-
cial region as reference images, which is subsequently used
as an identity-control signal, alongside the text as control.

Coarse-to-Fine Training. Compared to Identity-
preserving image generation, video generation requires
maintaining consistency in both spatial and temporal di-
mensions, ensuring that high and low-frequency facial in-
formation matches the reference image. To mitigate the
complexity of training, we propose a hierarchical strategy
where the model learns information globally before refining
it locally. In the coarse-grained phase (e.g., corresponding
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Figure 3. (a - e) Fourier spectrum of different id signal injec-
tion. The center area represents low frequencies and the surround-
ing area represents high frequencies. (f) Relative log amplitudes
of Fourier transformed generated videos. A larger response
value indicates a higher inclusion of frequency information. (a
- ) verify the effect of our frequency decomposition.

Finding I), we employ the global facial extractor, enabling
the model to prioritize low-frequency features, such as fa-
cial contours and proportions, thereby ensuring rapid acqui-
sition of identity information from the reference image and
consistency across the video sequence. In the fine-grained
phase (e.g. corresponding to Finding 2), the local facial ex-
tractor shifts the model’s focus to high-frequency details,
such as the texture details of eyes and lips (e.g., intrinsic
identification), improving the fidelity of facial expressions
and the overall similarity of the generated face.

Dynamic Mask Loss. The objective of our task is to en-
sure that the identity of the person in the generated video re-
mains consistent with the input reference image. However,
Equation 1 considers the entire scene, encompassing both
high- and low-frequency identity information as well as re-
dundant background content, which introduces noise that
interferes with model training. To address this, we propose
to focus the model’s attention on face regions. Specifically,
we first extract the facial mask from the video, apply trilin-
ear interpolation to map it to the latent space, and finally use
this mask to constrain the computation of L.:

Lo=MOoL,, ®)

where M represents a mask with the same shape as e. How-
ever, if Equation 5 is used as the supervisory signal for all
training data, the model may fail to generate a natural back-
ground during inference. To mitigate this issue, we apply
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Figure 4. User Study between ConsisID and state-of-the-art
methods. ConsisID is preferred by voters in all dimensions.

‘ FaceSim-Arc T FaceSim-Curt CLIPScore T FID |

ID-Animator [15] 0.32 0.33 24.97 117.46
ConsisID 0.58 0.60 27.93 151.82

Table 1. Quantitative comparison with state-of-the-art meth-
ods. ConsisID achieve well-aligned results across most metrics.
"}" denotes lower is better. "1" denotes higher is better.

Equation 5 with a probability p of «, resulting in:

if
Ee _ Eda 1 P>« (6)
L., ifp<a

Dynamic Cross-face Loss.  After training with Equation
6, we observed that the model struggled to generate satisfac-
tory results for persons not present in the data domain dur-
ing inference. This issue arises because the model, trained
exclusively on faces from the training frames, tends to over-
fit by adopting a "copy-paste" shortcut—essentially repli-
cating the reference image without alteration. To improve
the model’s generalization capability, we introduce slight
Gaussian noise ( to the reference images and use cross-face
(e.g., reference images are sourced from video frames out-
side the training frames) as inputs with probability 5:

L. where xo-(, ifp>p
Ly= . (N
L. where z.-(, ifp<p

where x is the reference image extracted from the training
frames, and z. is extracted from outside the training frames.

4. Experiments
4.1. Setup

Implementation details.  ConsisID selects DiT-based
generation architectures CogVideoX-5B [62] as our base-
line for validation. We use an in-house human-centric
dataset for training, which differs from previous datasets
[35, 55, 64] that focus only on the face. In the training
phase, we set the resolution to 480x720 and extracted 49
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... aman sitting at a desk in front of a large
screen displaying an American flag ...
wearing a plaid shirt and appears to be
delivering a news report ... speaking,

gesturing with his hands as he talks ... a
newsroom or studio environment ...

Reference
Image

| .. a young woman sitting at a wooden desk, |
‘ deeply engrossed in her work ... wearing ‘
glasses and has long hair that falls over her
| shoulders. ... as she writes with a pen ... The |
| desk is cluttered with numerous stacks of ‘
papers and documents ...
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Image

| .. awoman sitting at an office desk ... dressed |
‘ in a formal suit ... focused on her computer ‘
screen ... with shelves filled with binders ... The
\woman is holding a red cup ... which she drinks\

from before setting it down on the desk ... she ‘
‘ then proceeds to type on the keyboard ...
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‘ A man gazing thoughtfully at far away, with a ‘

serene expression that reveals a slight
\ furrowing of the brow and a softening around \
‘ the eyes. ... The open field around him is ‘
expansive, covered in wildflowers that sway
\ gently in the breeze, under a vast, clear blue \

ConsisID ID-Animator ConsisID ID-Animator ConsisID ID-Animator ConsisID
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Figure 5. Qualitative analysis between ConsisID and ID-Animator [15]. ID-Animator can only generate videos of the face region,
and the identity Preservation is poor (e.g., shape, texture). Additionally, it cannot generate specified content according to the text prompt
(e.g., action, decoration, background). ConsisID achieves advantages in identity preservation, visual quality, motion amplitude, and text
relevance. Moreover, our ConsistID can generate more frames rather than ID-Animator (49 480 x720p frames v.s. 16 512x512p frames).

consecutive frames at a stride of 3 from each video as train-
ing data. We set the batch size to 80, the learning rate
to 3 x 1076, and the total number of training steps to
1.8k. The classify free guidance random null text ratio is
set to 0.1, with AdamW serving as an optimizer and co-
sine_with_restarts as a learning rate scheduler. The train-
ing strategy is the same as Section 3.2.3. We set « and 3
in the dynamic cross-face loss (L.) and dynamic mask loss
(L) to 0.5, respectively. In the inference phase, we employ
DPM [49] with a sampling step of 50, and a text-guidance
ratio of 6.0.

Benchmark. Since there is an absence of an evalua-

tion dataset, we select 30 persons who were not included
in the training data and sourced five high-quality images
for each ID from the internet. We then design 90 dis-
tinct prompts, encompassing a variety of expressions, ac-
tions, and backgrounds for evaluation. Building on previ-
ous works [15, 38], we evaluate four dimensions: (1). Iden-
tity Preservation: We use FaceSim-Arc [10] and introduce
FaceSim-Cur, which assesses identity preservation by mea-
suring feature differences between face regions in the gen-
erated videos and those in real face images within the Arc-
Face [10] and CurricularFace [23] feature spaces. (2) Visual
Quality: We utilize FID [18] by calculating feature differ-



... awoman sitting by a window in a cozy cafe, enjoying a cup of coffee. Her eyes
softly gaze out the window, reflecting a sense of contentment ... Her lips part
slightly into a serene smile, the corners of her mouth gently lifting ...
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Figure 6. Effect of Different Components via Qualitative Anal-
ysis. Removing any component may result in the loss of high- or
low-frequency facial information, or hinder the ability to modify
video content based on the text prompt.

ences in the face regions between the generated frames and
real face images within the InceptionV3 [51] feature space.
(3) Text Relevance: We utilize CLIPScore [17] to measure
the similarity between the generated videos and the input
prompts. (4). Motion Amplitude: Due to the lack of reli-
able metrics, we evaluate through the user study.

4.2. Qualitative Analysis

In this section, we compare our method, ConsisID, with ID-
Animator [15] (e.g., the only available open-source model)
for tuning-free IPT2V tasks. We randomly select images
and text prompts of four individuals for qualitative analysis,
all of which are absent from the training data. As shown in
Figure 5, ID-Animator cannot generate human body parts
beyond the face and is unable to generate complex actions
or backgrounds in response to text prompts (e.g., action, at-
tribute, background), which significantly limits its practi-
cal application. In addition, the preservation of the identity
is inadequate; for example, in case 1, the reference image
appears to be processed with skin smoothing. In case 2,
wrinkles have been introduced which detract from the aes-

+++ @ woman standing next to an airplane, engaged in a conversation on her cell
phone. She is wearing sunglasses and a black top, and she appears to be talking
seriously ...
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Figure 7. Effect of Different Control Signal Injection Way via
Qualitative Analysis. Only (c), which injects both high & low-
freq face signals into the suitable location, performs best.

thetic quality. In cases 3 and 4, the face is distorted due to
the lack of low frequency information, which compromises
identity consistency. In contrast, the proposed ConsisID
consistently produces high-quality, realistic videos that ac-
curately match the reference identity and adhere to prompt.

4.3. Quantitative Analysis

We present a comprehensive quantitative evaluation of dif-
ferent methods, with results displayed in Table 1. Consis-
tent with Figure 5, our method outperforms state-of-the-
art methods across five metrics. For identity preservation,
ConsisID achieves a higher score by designing appropri-
ate identity signals for DiT from a frequency perspective.
By contrast, ID-Animator [15] is not optimized for IPT2V
and only partially retains facial features, resulting in lower
FaceSim-Arc [10] and FaceSim-Cur scores. For Text Rele-
vance, ConsisID not only controls expressions via prompts
but also adjusts actions and backgrounds, achieving higher
CLIPScore [17]. Regarding visual quality, the FID is pre-
sented solely as a reference due to its limited alignment
[30, 31, 36, 69] with human perception. Please refer to Fig-



FaceSim-Arc 1t FaceSim-Cur 1+ CLIPScore  FID |

w/o GFE 0.05 0.05 34.86 269.88
w/o LFE 0.66 0.68 34.48 104.34
w/o CFT 0.54 0.58 34.47 144.62
w/o DML 0.62 0.67 34.23 187.78
w/o DCL 0.65 0.69 32.21 117.80
ConsisID 0.73 0.75 36.77 127.42

Table 2. Effect of Local Facial Extractor (LFE), Global Facial
Extractor (GFE), coarse-to-fine training (CFT), dynamic mask
loss (DML) and dynamic cross-face loss (DCL) by Automatic
Metrics. Removing any of the above methods significantly re-
duces identity preservation, text relevance, and visual quality.

ure 5 and 4 for qualitative analysis of the visual quality.

4.4. User Study

Building on previous work, we conduct a human evaluation
using a binary voting strategy, with each questionnaire con-
taining only 80 questions. Participants are required to view
40 video clips, a setup designed to improve both engage-
ment and questionnaire validity. For the IPT2V task, each
question requires participants to separately judge which op-
tion performs better in terms of Identity Preservation, Visual
Quality, Text Alignment, and Motion Amplitude. This com-
position ensures the accuracy of the human evaluation. Ow-
ing to the extensive participant base required for this eval-
uation, we successfully gathered 103 valid questionnaires.
The results, depicted in Figure 4, demonstrate a significant
superiority of our method over ID-Animator [15], verifying
the effectiveness of the designed DiT for IPT2V generation.

4.5. Effect of the Identity Signal Injection in DiT

To assess the effectiveness of Finding 1 and Finding 2, we
perform ablation experiments on different methods of in-
jecting control signals into DiT. Specifically, these experi-
ments involved (a) injecting only low-frequency face infor-
mation with key points into the noise latent, (b) injecting
only high-frequency face signals within the attention block,
(c) combining (a) and (b), (d) based on (c), but the low-
frequency face information does not contain key points, and
(e - f) based on (c), but the high-frequency signal is injected
at the output or input of the attention block. (g) injecting
only high-frequency face signals before the attention block.
The results are shown in Figure 7 and Table 3. For Finding
1, we observe that only injecting high-frequency signals (a)
greatly increases the training difficulty, causing the model to
fail to converge due to the lack of low-frequency signal in-
jection. In addition, the inclusion of facial key points (d) al-
lows a greater focus on low-frequency information, thereby
facilitating training and improving model performance. For
Finding 2, when only low-frequency signals are injected
(b), the model lacks high-frequency information. This re-
liance on low-frequency signals causes the generated face

Plan FaceSim-Arc T FaceSim-Cur{ CLIPScoret FID |

a 0.05 0.05 34.86 269.88
b 0.66 0.68 34.48 104.34
c 0.73 0.75 36.77 127.42
d 0.64 0.68 30.69 177.65
e 0.62 0.66 33.61 164.15
f unstable training process

g unstable training process

Table 3. Effect of Different Control Signal Injection Way via
Quantitative Analysis. Only plan ¢, which injects both high and
low-frequency face information into the model, performs best.

in the video to copy the reference image, making it dif-
ficult to control facial expressions, movements, and other
features through prompts. Furthermore, injecting identity
signals into the attention block input (f - g) disrupts the in-
tended frequency domain distribution of DiT, resulting in a
gradient explosion. Embedding control signals in the atten-
tion block (c) is preferable to embedding them in the output
(e) because attention block processes predominantly low-
frequency information. By embedding high-frequency in-
formation internally, the attention block is guided to high-
light intrinsic facial features, whereas injecting it into the
output merely concatenates features without directing fo-
cus, reducing DiT’s modeling capacity. Moreover, we apply
a Fourier transform to the generated videos (only the face
region) to visually compare the influence of different com-
ponents to extract facial information. As shown in Figure 3,
the Fourier spectrum and the log amplitude of the Fourier
transform reveal that injecting high or low-frequency sig-
nals can indeed enhance the corresponding frequency infor-
mation of the generated face. Moreover, the low-frequency
signal can be further enhanced by matching with the face
key points, and injecting the high-frequency signal into the
attention block has the highest feature utilization rate. Our
method (c) shows strongest high and low frequency, further
validating the efficiency benefit from Findings 1 and 2. To
reduce overhead, for each identity, we only select 2 refer-
ence images for the evaluation.

4.6. Ablation on the Consistency Training Strategy

To reduce overhead, for each identity, we only select 2 refer-
ence images for the following experiments. To demonstrate
the benefits of the proposed consistency training strategy,
we perform ablation experiments on coarse-to-fine training
(CFT), dynamic mask loss £, (DML), and dynamic cross-
face loss Ly (DCL), with the results presented in Figure
6 and Table 2. When CFT is removed, GFE and LFE ex-
hibit competing behaviors, complicating the model’s abil-
ity to prioritize high and low-frequency information accu-
rately, leading to convergence at suboptimal points. Re-
moving DML required the model to simultaneously focus
on both foreground and background elements, with back-



A woman adorned with a delicate flower crown, is standing amidst a field of gently swaying wildflowers. Her eyes sparkle with a serene gaze, and a faint smile
graces her lips, suggesting a moment of peaceful contentment. The shot is framed from the waist up, highlighting the gentle breeze lightly tousling her hair. The
background reveals an expansive meadow under a bright blue sky, capturing the tranquility of a sunny afternoon.
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Figure 8. Effect of the Inversion Steps ¢. Overall quality does not improve consistently as ¢ increases, but first improves and then declines.
This may be because the early steps are dominated by low frequency, whereas the later steps are dominated by high frequency.

ground noise negatively affecting training and reducing fa-
cial consistency. Similarly, the exclusion of DCL impaired
the generalization capability, reducing fidelity for faces, not
in the training set and reducing its effectiveness in generat-
ing identity-preserving videos as intended.

4.7. Ablation on the Number of Inversion Steps

To assess the impact of varying the number of inversion
steps on model performance, we conduct an ablation study
within the inference phase of ConsisID. Given constraints
on computing resources, 60 prompts are randomly selected
from the evaluation dataset. Each prompt is paired with
a unique reference image, leading to the generation of 60
videos for each setting. Using a fixed random seed, we
vary the inversion step parameter ¢ across values of 25, 50,
75, 100, 125, 150, 175, and 200. The results are illustrated
in Figure 8 and Table 4. Although theoretical expectations
[20, 49, 50] suggest that increasing the number of inversion
steps would continuously enhance the generation quality,
our findings indicate a non-linear relationship where qual-
ity peaks at ¢ = 50 and subsequently declines. Specifi-
cally, at t = 25, the model produces incomplete garlands;
at t = 75, it fails to generate upper body clothing; beyond
t = 125, it loses critical low-frequency facial information,
resulting in distorted facial features; and beyond ¢t = 150,
the visual clarity progressively deteriorates. We infer that
the initial stages of denoising process are dominated by low-
frequency information, such as generating the outline of a
face, while the later stages focus on high-frequency details,
such as intrinsic facial features. ¢ = 50 is just the optimal

‘ FaceSim-Arc 1 FaceSim-Cur T CLIPScore T FID | Speed(s) |
t=25 | 0.50 0.53 3043 184.44 50+
t =50 0.52 0.54 33.08 163.68 100+
t="175 0.43 0.52 31.92 200.86 160+
t =100 0.46 0.55 32.25 212.74 220+
t=125 0.42 0.51 32.38 185.85 270+
t =150 0.34 0.40 32.41 186.56 330+
t=175 0.35 0.42 29.98 186.99 390+
t =200 0.33 0.39 31.18 166.79 440+

Table 4. Effect of the Inversion Steps by Quantitative Analysis.
"]" denotes lower is better. "1" higher is better.

setting to balance these two stages.

5. Conclusion

In this paper, we present ConsisID, a unified framework
for keeping faces consistent in video generation by fre-
quency decomposition. It can seamlessly integrate into ex-
isting DiT-based text-to-video models, for generating high-
quality, editable, consistent identity-preserving videos. Ex-
tensive experiments show that ConsisID outperforms the
current state-of-the-art identity-preserving T2V models. It
reveals that our frequency-aware heuristic DiT-based con-
trol scheme is an optimal solution for IPT2V generation.
Limitations and Future Work. Existing metrics do not
accurately measure the capabilities of different ID preser-
vation models. Although ConsisID can generate realistic
and natural videos following a text prompt, metrics such as
CLIPScore [17] and FID [18] show little difference from
previous methods. A viable direction is to find a metric that
is more in line with human perception.
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