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Figure 1. CharaConsist achieves fine-grained consistency maintaining. The left part shows that, CharaConsist enables more flexible
storytelling, supports controllable scene transitions, and achieves character consistency within a fixed scene, across different scenes, and
across resolutions. The right part highlights CharaConsist’s ability to preserve extensive background details with complete consistency.

Abstract

In text-to-image generation, producing a series of consistent
contents that preserve the same identity is highly valuable
for real-world applications. Although a few works have
explored training-free methods to enhance the consistency
of generated subjects, we observe that they suffer from the
following problems. First, they fail to maintain consis-
tent background details, which limits their applicability.
Furthermore, when the foreground character undergoes
large motion variations, inconsistencies in identity and
clothing details become evident. To address these problems,
we propose CharaConsist, which employs point-tracking
attention and adaptive token merge along with decoupled
control of the foreground and background. CharaConsist

Corresponding authors: Henghui Ding and Yunchao Wei.

enables fine-grained consistency for both foreground and
background, supporting the generation of one character in
continuous shots within a fixed scene or in discrete shots
across different scenes. Moreover, CharaConsist is the first
consistent generation method tailored for text-to-image DiT
model. Its ability to maintain fine-grained consistency, com-
bined with the larger capacity of latest base model, enables
it to produce high-quality visual outputs, broadening its
applicability to a wider range of real-world scenarios. The
source code has been released at CharaConsist.git.

1. Introduction

Text-to-image (T2I) generation has advanced significantly
in recent years [18, 21], especially with the widespread
emergence of Diffusion Transformers (DiTs) [3, 12, 17].
Their successful scaling-up has led to significant improve-

16058






therefore not only enhancing consistency but also providing
greater flexibility in character actions. Second, while re-
encoding the positional embeddings mitigates the impact of
positional shifts, it may inadvertently disrupt the original
local geometric structure among tokens. To address this, we
further introduce an adaptive token merge strategy, which
refines the attention outputs by dynamically aggregating
tokens based on their similarity and positional correspon-
dences established in the first step. Third, to accommodate
varying requirements for background consistency across
different application scenarios, we introduce a foreground-
background mask, which is derived from the attention dif-
ferences between image tokens and text tokens correspond-
ing to foreground and background elements. By leveraging
this distinction, our approach enables decoupled control
over foreground and background consistency, allowing for
more flexible adaptation to diverse generation needs.

In experiments, we compare the proposed CharaCon-
sist with previous training-free consistent T2I generation
methods, including ConsiStory [30] and StoryDiffusion
[35], as well as training-dependent identity-reference gen-
eration methods, such as IP-Adapter [34] and PhotoMaker
[13]. The results demonstrate that CharaConsist signifi-
cantly outperforms these methods in both foreground and
background consistency, underscoring its effectiveness in
fine-grained consistent generation. In summary, our key
contributions are as follows:

* We highlight that existing consistent generation works
adopt relatively coarse task formulations, primarily con-
centrating on transitions of similar characters across dif-
ferent scenes, while lacking the fine-grained consistency
in character details and background environments.

* We propose CharaConsist, which leverages point track-
ing and mask extraction to automatically perceive critical
features, thus achieving fine-grained consistency, making
it well-suited for real-world applications.

* CharaConsist is the first training-free consistent T2I gen-
eration method built on a DiT model. It operates without
additional training or extra modules, enabling the efficient
utilization of large DiT models with billions of param-
eters. Moreover, the proposed DiT-based point tracking
and mask extraction techniques can serve as effective
tools for related tasks such as image editing.

2. Related Work

2.1. Diffusion-based T2I Generation

With the advent of DDPM [7], diffusion models [27] have
gradually surpassed GANs [5] to become the dominant
technology in visual generation. Earlier diffusion models
were primarily based on the UNet [22] architecture, such
as SD 1.x [21], SD 2.x, and SDXL [18]. These models
process visual information through convolutional [6] and

self-attention [3 1] blocks, and capture textual prompt infor-
mation through cross-attention with text tokens encoded by
CLIP [19], enabling text-to-image generation.

More recently, Diffusion Transformers (DiTs) [17] were
introduced, where the authors replaced the commonly used
UNet with a Transformer [3 1] and demonstrated its superior
scalability. Over the past one year, numerous DiT-based
T2I [3, 12, 14, 25] and T2V [10, 15, 26, 33] models have
emerged and demonstrated a superior ability on producing
visually stunning results. Among them, the latest T2I
DiTs, such as SD3.x [3] and FLUX.1 [12], adopt similar
multimodal-transformer architectures. These models use
the T5 encoder [20] to encode text tokens and a vae [2, 8]
to encode image tokens, and then concatenate these tokens
into a single sequence to perform attention. Compared to
UNet-based T2I models, these models no longer feature
separate self-attention and cross-attention, making it chal-
lenging to directly adapt previous methods to DiTs, which
often manipulate the specific layers in the UNet.

2.2. Training-free Consistent Generation

As a relatively new task, related research is primarily
limited to three works: 1P1S [16], StoryDiffusion [35],
and ConsiStory [30]. 1PIS is built on the consistency
from text tokens, which concatenates the textual prompts
of multiple images and encodes them together. However,
this approach is limited by the maximum sequence length
of the text encoder. As a result, it’s challenging to employ it
to scenarios requiring relatively long text prompts, such as
the diverse characters and scenes generation in this work.

StoryDiffusion and ConsiStory share similar idea, intro-
ducing inter-image attention as core technique to enhance
consistency. They randomly sample a subset of tokens from
a batch of images and use them as shared keys and values
in the attention operation for each image. However, we
observe that such mechanism has low information retrieval
efficiency. This results in two major issues: first, they
require at least 2-4 images to be generated in parallel
to enhance inter-image associations, leading to significant
additional memory consumption. Second, the consistency
of their results remains unsatisfactory. Therefore, our
proposed CharaConsist introduces point-tracking-based at-
tention and token merging, which can adaptively retrieves
critical information to enhance consistency, without the
need for any image parallelism.

Additionally, similar to our adaptive token merge mod-
ule, ConsiStory also introduces similarity-based feature
injection. However, their similarity matching relies on
DIFT [29], a technique based on specific layers and steps
of the UNet architecture. However, we found that this
approach does not perform effectively on the DiT model.

16060



2.3. Identity-reference Generation

Similar to consistent generation, identity-reference genera-
tion aims to align the identity of the generated results with
the input reference face image. These works follow two
main approaches: The first one involves introducing pre-
trained image encoders and training additional projection
module to embed the identity information into the genera-
tion process, such as IP-Adapter [34] and PhotoMaker [13].
The second approach, widely known as personalization,
depends on per-subject training. These methods encodes a
specific subject’s identity into a new textual embedding [4]
or directly into the model’s parameters [ 1, 23], ultimately
making the generated results overfit to a fixed identity.

However, these methods focus solely on facial identity
preserving and cannot ensure consistency in other attributes
such as clothing or scenes. Additionally, they require
training on large-scale collected datasets, or performing
per-subject training, which imposes high demands on com-
putational resources or time consumption.

3. Method

In this section, we first provide a brief review and analysis
of the core technique, inter-image attention, used to enhance
consistency in previous works, along with some technical
details of the base model FLUX.1 in Sec. 3.1. Then, we
introduce our proposed CharaConsist in Sec. 3.2. Figure 4
presents the schematic of the overall framework and indi-
vidual components of our method.

3.1. Preliminary

Inter-image Attention In previous works, inter-image at-
tention is a core technique used to enhance consistency.
During the generation of a batch of images, inter-image
attention works by concatenating keys and values from
neighboring images into each image’s self-attention pro-
cess, enabling information sharing across images. This
process helps maintain coherence in the generated sequence
by promoting cross-image relationships.

However, we observe that although attention module has
a global receptive field, directly applying inter-image atten-
tion struggles to capture the necessary correspondences for
maintaining consistency. To intuitively demonstrate this, as
shown in Fig. 3, we generate images with similar content
but varying layouts and compute their averaged inter-image
attention weights using both the UNet-based SDXL [18]
and the DiT-based FLUX.1 [12]. Using the query coor-
dinate as the origin, we divide each image into concen-
tric rings of equal area and calculate the attention weight
summation within each ring. The results show that as the
distance from the query coordinate increases, the attention
weight summation of the corresponding region decreases
significantly. This phenomenon indicates that the model
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Figure 3. The locality bias in inter-image attention. Both SDXL
[18] and FLUX.1 [12] tend to allocate more attention weights to

spatially nearby regions instead of more semantically related ones.

exhibits a locality bias, tending to allocate more attention
weights to spatially nearby regions rather than to more
semantically related ones. As a result, the model struggles
to maintain consistency across varying layouts, failing to
capture distant but contextually important features.

The inconsistency observed in previous methods, as
shown in Fig. 2, could largely stem from this locality
bias. When characters in different images undergo large
motion variations or occupy different positions within the
image, their relative distance could increase significantly.
As a result, the inter-image attention yields lower response
intensity for these distant regions, making it challenging to
gather sufficient information to ensure consistency. Build-
ing on this observation, our method begins with point
tracking and incorporates several techniques to mitigate the
effects of the positional shift, ensuring more robust and
consistent representations across varying image layouts.

FLUX.1 FLUX.1 [12] is a latent-space DiT-based T2I
model with a multimodal transformer as its core architec-
ture. It includes two types of transformer blocks: the double
block and the single block, with both blocks taking text and
image tokens as input.

Although the two blocks differ in structure and param-
eter allocation, their core mechanism remains the same:
the concatenated text and image tokens undergo global
attention. As a training-free method, our primary focus
is on the attention process within the model. Therefore,
we omit the structural differences between the two types
of blocks and formulate the attention process in both as a
unified form:

Xpm = cat[ X, X;] € RUFMIXd X e (0 KV}, (1)

W = M € R(AHw)x (I+hw)

, 2
7 (2)
Hmm = SOftmaX(Wan) . ‘/mm = Cat[th Hi]7 (3)

where cat[] refers to concatenation. The subscripts mm, ¢
and ¢ stand for “multimodal”, “text”, and “image”, respec-
tively. [ is the length of text tokens. d is the dimension of
each attention head. (h,w) represents the resolution of the
image tokens, which is 1/16 of the generated images. The
number of attention head is omitted for simplicity.
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Figure 4. An overview of our CharaConsist. (a) shows an example of the textual prompts. (b) is the overall pipeline of our method,
in which we replace the original multimodal attention with our proposed point-tracking attention, and further introduce an adaptive token
merge module, as detailed in (d) and (¢). (¢) shows the point matching strategy of our method.

3.2. CharaConsist

Pipeline Definition We divide the consistent generation
pipeline into two parts: identity image generation and frame
images generation. The identity image generation follows
the original generation process without modifications, and
stores intermediate variables such as keys, values, and
attention outputs from specific layers at certain timesteps.
The frame images then achieve consistency with the identity
image by accessing these stored variables.

Unlike previous methods that require generating at least
2 to 4 batched images in parallel to obtain identity informa-
tion, CharaConsist needs only a single identity image. This
advantage largely arises from the tracking mechanism in
our method, which effectively uses the identity information
from a single image, eliminating the need for parallel
processing for augmentation. As a result, this approach
significantly reduces the additional GPU memory overhead.

Point Matching The goal of point matching is to identity,
for each point in the frame image, the semantically corre-
sponding point within the identity image, thereby guiding
subsequent attention and token merging processes. For
example, the facial features of the character in the frame
image should align with those in the identity image. Pre-
vious work DIFT [29] demonstrates that semantic corre-
spondence can be determined by measuring the similarity
of intermediate features from the UNet in diffusion models
at a specific timestep. However, we observe that this

approach failed in FLUX.1. Specifically, we test the cosine
similarity of outputs from both intermediate transformer
blocks and attention layers in FLUX.1. For the transformer
block outputs, we found that the matching points remain
fixed at the same position, failing to capture semantic
correspondence. In contrast, for attention layer outputs,
the matching points exhibit significant fluctuations across
layers, timesteps, and samples, making stable and accurate
matching difficult. Furthermore, we observe that while
matching relationships across layers vary significantly, the
similarity distributions exhibit consistent characteristics.
Based on this observation, we average the similarity scores
across layers at the same timestep, formulated as:

S* — i Z Hi;frm,»n, ! HT
N - I|H

iid,n
i,f'rm,n”Q . HHi,id,nHQ’ (4)
map®(+), Spax = argmax(S™), max(S™), (3)
where N and n are the number and index of layers, respec-
tively. map*(-) is the matching results and map*(j) =
k means the j-th point in frame image is matched with
the k-th point in identity image. S5, is the averaged
cosine similarity of the matched token pair. This approach
provides stable semantic similarity results and accurate
point matching relationships. Results and further details can
be found in Fig. 6 and the supplementary materials.

Mask Extraction Our mask extraction strategy is built on
comparing the attention weight of image tokens to fore-
ground text tokens against the weight to background text
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tokens. Specifically, we format the textual prompt as the
background description first, followed by the foreground
description, as the example shown in Fig. 4. We then
obtain their respective token lengths, denoted as [, for
background and /7, for foreground. Next, we extract the
segment of attention weights where image tokens serve as
queries and text tokens as keys, represented as:

Ao = Softmax(Wm[l o, ¢ lyg + Lsgl). 6)

We apply the Softmax operation only within the actual
length of the text sequence to prevent the impact of the
image keys and the special text key “<s>”. Here, we
observe a similar issue to the point matching process: the
attention weights corresponding to each word exhibit signif-
icant fluctuations across layers. To address this, we average
the attention weights within the foreground and background
text sequence separately, and also across different layers.
By comparing these averaged attention weights, we derive
the robust foreground mask, represented as:

lbgfl
1
fopy = ———— A; 57
i2bg N < lbg ; ]zz(:) z2t,n[ 7.7]7 (7)
1 lhg+lfgfl
5 = 5 A’L nlt j ’ 8
12fg N X lfg Z ]ZZ 2t, [ .7] ( )
n =lpg
M = A%y, > Ay, € {0,137, )

Point-tracking Attention After obtaining the point-
matching relationships and the foreground masks, we
introduce point-tracking attention. Specifically, we first
extract the foreground token indices in the frame image,
along with the matched token indices in the identity image:

Cyg, frm = nonzero(M ), (10)

Crg.ia = map™(Cfrm), (11)

where nonzero(-) refers to get the indices of non-zero

elements. Based on the indices, we extract the keys and

values from the identity image and re-encode the positional
embedding of the keys as follows:

Xtgia = XiialCrgual, X €{K°,V},  (12)

Kjyia = ROPE(K}y ia; Co.prm), (13)

where KV represents the keys without positional embed-

ding, RoPF indicates the Rotary Position Embedding [28]

used in FLUX.1. We further concatenate the original keys

of frame image, the re-encoded foreground keys of identity

image, and the background keys of identity image to get the
keys of our point-tracking attention, formulated as:

K;rm - Cat[Kmm,frm; K}g,id7 Kbg,id]v (14)
V);krm = Cat[vmm,frm; Vfg,id7 ‘/bg,id]- (15)

The operations related to background are optional, de-
pending on whether users want to maintain the background

unchanged. Then the attention process is represented as:

Qmm frm K}T
W= Ty log(M*), (16
f \/& g( ) (16)
:;Lm,frm = SOftmaX(W;rm) : V;rma (17)

where M* is the attention mask, making the foreground
tokens in frame image only attend to the foreground tokens
in identity image, and vice versa. This approach effectively
leverages the model’s characteristics, as RoPE is applied
directly at each attention layer, allowing to store the keys
without positional embedding and encode it later as wished.
Adaptive Token Merge Although the re-encoding of the
positional embedding enhances consistency through atten-
tion, it may also cause disruptions in the locally geometric
relationships of tokens due to positional rearrangement.
Additionally, a few tokens may not be matched perfectly,
leading to information loss. Considering that attention out-
put is a weighted sum of all values and carries more global
information, it helps to compensate for such information
loss. Therefore, we introduce adaptive token merge, where
the attention outputs of the frame image are interpolated
with those from the identity image.

In this process, we first extract the segment attention
output corresponding to the foreground image tokens, from
both the identity image and frame image. We then rearrange
the attention output of identity image based on the point-
matching relationships and perform interpolation:
3.id[Crg.id)s (18)

H;g,frm = Hi*,f'r"m[cf%fT'm]’ 19)
;;,frm = (1 - aSItlax)H}kg,frm + aSI;axH]/‘g,iw (20)
where o € [0,1] is a hyper-parameter and decays with
the timestep in the generation process. This interpolation
process incorporates the averaged similarity S, obtained
from Eq. (5) as weights, effectively suppressing tokens with
low matching confidence and preventing negative impact.

Hygia =

4. Experiments
4.1. Experimental Setups

Evaluation Datasets This work focuses on consistent gen-
eration for characters and environments, while existing
benchmarks lack features suited for such tasks. Therefore,
we used GPT-4 to generate a series of T2I prompts tailored
for such application scenario. Specifically, we instructed
GPT-4 to create multiple groups of prompts in the for-
mat: “[Environment], [Character], [Action].”, with contents
vary across groups. We proposed two evaluation tasks:
background maintaining and background switching. In
the former, both “[Environment]” and “[Character]” remain
consistent within a group of prompts, while “[Action]”
varies. In the latter, only the “[Character]” remains un-
changed. Every group consists of 5-8 prompts. For each
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of the two-types tasks, we generated over 200 T2I prompts.

Comparison Methods Comparison methods include both
the training-free consistent generation methods StoryDif-
fusion [35], ConsiStory [30] and the training-dependent
identity-reference methods IP-Adapter [34], PhotoMaker
[13]. The above generated prompts are shared for all
methods. For the identity-reference methods, we first
generated the character headshots using the “[Character]”
part of prompts, and then cropped the face region using
RetinaFace [1] as the input reference face image.

Evaluation Metrics Following previous works [30, 35], we
introduce the CLIP text-image similarity (CLIP-T) to mea-
sure the alignment between images and textual prompts,
along with the pairwise CLIP image similarity (CLIP-I) to
measure the full-image consistency. To better evaluate the
characteristics of this work, we introduced three additional
metrics. First, we introduce the decoupled CLIP-I, termed
as CLIP-I-fg and CLIP-I-bg, to evaluate the consistency
of foreground and background separately. We employ
SAM [9] to segment the foreground in each generated
image, and compute CLIP similarity separately for the
masked foreground and masked background images. We
also introduce the identity similarity (ID Sim) to evaluate

7

In a colorful theme park, In an arcade, Castles in the background, On a Ferris wheel,

a young boy with curly brown hair, wearing a T-shirt and shorts,

riding a roller coaster. playing a game. posing with ajcostume character.| looking out.

Figure 5. Qualitative comparisons with previous consistent generation methods and identity-reference methods. Our method
demonstrates superior performance in maintain consistency of multiple aspects such as character identity, clothing and background scenes.

the identity consistency by compute the facial embedding
similarity using RetinaFace [1] and FaceNet [24]. Fur-
thermore, we introduce the image quality score (IQS) and
image aesthetics score (IAS) to evaluate the quality of
generated images using Q-Align [32].

4.2. Experimental Results

Qualitative Results In Fig. 5, we present the results of
our CharaConsist and all comparison methods on both
background maintaining and background switching tasks. It
can be observed that all comparison methods exhibit vary-
ing degrees of clothing inconsistency. In the background
maintaining task, these methods can only generate similar
scenes but fail to ensure complete consistency. While in the
background switching task, these methods focus solely on
the foreground subject, leading to deviation from the unique
action prompts, e.g., the “phone”, “costume character” in
Fig. 5 and the “taking photos” in Fig. 2 are missing. Addi-
tionally, we show the points and masks results in Fig. 6,
to intuitively demonstrate the effectiveness of our point-
matching and mask extraction methods. More qualitative
results are shown in the supplementary materials.

Quantitative Results As shown in Tab. |, compared to
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