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A butterfly flapping its wings softly on a vibrant yellow flower, surrounded by a vibrant Minecraft landscape featuring a dynamic volcano which 
erupts, spewing vibrant red lava and creating a dramatic ash cloud against a serene blue sky, with molten lava pooling on the black rocks below.

A beautiful butterfly rests on a vibrant yellow flower, flapping 
its wings softly against a backdrop of lush green leaves.

A vibrant Minecraft landscape 
featuring a flowing river, lush 
trees, a cascading waterfall…

A dynamic volcano erupts, 
spewing vibrant red lava and 

creating a dramatic ash cloud…

A beagle dog wearing a collar mixes a drink vigorously using a shaker with its dog's paws at a bar, surrounded by a cityscape visible through a large window.

A beagle dog wearing a collar stands on a 
pathway surrounded by grass and grassland.

A bartender in a black shirt skillfully mixes a drink in a shaker at a bar, surrounded by a cityscape visible 
through a large window.

Figure 1. Illustration of BiCo, a one-shot method that enables flexible visual concept composition by binding visual concepts with the
corresponding prompt tokens and composing the target prompt with bound tokens from various sources (§1).

Abstract

Visual concept composition, which aims to integrate differ-
ent elements from images and videos into a single, coher-
ent visual output, still falls short in accurately extracting
complex concepts from visual inputs and flexibly combining
concepts from both images and videos. We introduce Bind
& Compose, a one-shot method that enables flexible visual
concept composition by binding visual concepts with corre-
sponding prompt tokens and composing the target prompt
with bound tokens from various sources. It adopts a hier-
archical binder structure for cross-attention conditioning in
Diffusion Transformers to encode visual concepts into cor-

responding prompt tokens for accurate decomposition of
complex visual concepts. To improve concept-token bind-
ing accuracy, we design a Diversify-and-Absorb Mecha-
nism that uses an extra absorbent token to eliminate the im-
pact of concept-irrelevant details when training with diver-
sified prompts. To enhance the compatibility between image
and video concepts, we present a Temporal Disentangle-
ment Strategy that decouples the training process of video
concepts into two stages with a dual-branch binder struc-
ture for temporal modeling. Evaluations demonstrate that
our method achieves superior concept consistency, prompt
fidelity, and motion quality over existing approaches, open-
ing up new possibilities for visual creativity.
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1. Introduction

Visual concept composition aims to integrate different ele-
ments from images and videos into a single, coherent visual
output. This process is a re�ection of human artists' cre-
ation: combining ingredients from various inspirations to
form a brand new masterpiece [15]. Consequently, it plays
a fundamental role in visual creativity and �lmmaking [62].
With the rapid advancement of diffusion-based visual con-
tent generation models [16, 20, 29–31, 35, 40, 42, 54, 58,
61, 63], an increasing number of works [1, 3, 11, 14, 18,
26, 32–34, 55, 56] have been exploring the �eld of visual
concept composition by exploiting the generative models'
strong capability of concept grounding and customization.

Despite considerable efforts devoted to this �eld, chal-
lenges still remain in accurately extracting complex con-
cepts from visual inputs and �exibly combining concepts
from both images and videos. First, the capability to pre-
cisely extract speci�c concepts from various sources is of
great signi�cance for visual content creators. Nevertheless,
existing mainstream methods [1, 3, 14, 26, 32, 34, 55, 56]
use either adapters like LoRA [25] or learnable embeddings
with explicit or implicit masks to realize concept selection,
which fall short in decoupling complex concepts with oc-
clusions and temporal alterations, and extracting non-object
concepts such as styles. Second, it is a common practice
to integrate different visual elements from both images and
videos in the visual content creation process [62]. How-
ever, previous works are con�ned to animating designated
subjects from images with motion from videos [26, 55, 56],
without further exploration of �exibly combining various
attributes (e.g., visual styles and lighting variations) from
both images and videos. Although there has been recent
effort on �exible concept composition [18] in the image do-
main, achieving universal visual concept composition for
both images and videos remains an underexplored problem.

To this end, we introduce Bind & Compose (BiCo), a
one-shot method that enables �exible visual concept com-
position by binding visual concepts with the corresponding
textual tokens, with satisfactory compatibility between im-
age and video concepts (Fig. 1). Our method �rst leverages
the powerful concept grounding capability [59] of text-to-
video (T2V) diffusion models [54] to bind textual tokens
with their corresponding visual concepts through one-shot
training, achieving implicit decomposition without mask in-
put. Then, concept composition is done through selecting
any desired bound tokens from various sources and com-
posing them into the �nal prompt tokens, which serves as
the model condition. This paper mainly encompasses the
following three technical contributions: First, to achieve
reliable decomposition of complex visual concepts for �exi-
ble manipulation, we propose a hierarchical binder structure
for the cross-attention mechanism [52] in Diffusion Trans-
former (DiT) [41] blocks to effectively encode visual con-

cepts into corresponding textual tokens. When composing
concepts from multiple sources, concept tokens in the tar-
get prompt are passed through different binders correspond-
ingly to integrate visual features, enabling text-conditioned
concept composition without explicit mask input. Second,
to improve the accuracy of concept-token binding for more
precise concept decomposition, we design a Diversify-and-
Absorb Mechanism (DAM) that diversi�es the one-shot
prompts while retaining key concepts, and introduces an ex-
tra absorbent token during training to eliminate the impact
of concept-irrelevant details. Third, to enhance the com-
patibility between image and video concepts during com-
position, we present a Temporal Disentanglement Strategy
(TDS) that decouples the training process of video concepts
into two stages. In the �rst stage, the binders are trained
with individual frames without temporal concepts, which
aligns with the training setting of image concepts. In the
second stage that trains the binders on videos, we adopt a
dual-branch binder structure to better cater to temporal con-
cepts while inheriting knowledge from the �rst stage.

Extensive experiments demonstrate that BiCo simulta-
neously achieves superior concept consistency, prompt �-
delity, and motion quality when performing visual con-
cept composition. It also outperforms previous baseline ap-
proaches in both concept manipulation �exibility and visual
quality of the composed video. With support for a variety of
innovative video creation tasks, BiCo demonstrates a strong
potential to serve as a promising solution for creators to ex-
periment with their whimsies.

2. Related Work

T2V Diffusion Models. The emergence of diffusion mod-
els [24, 46, 50] has signi�cantly advanced the realm of vi-
sual content generation. Recently, DiT [41] has become the
de facto standard of the denoising model's architecture, sur-
passing U-Net [47] with its strong scaling capability [28]
and �exibility for integrating multi-modal conditions [16].
Flow Matching [37, 38] introduces a new linear paradigm
to transit between the Gaussian distribution and the target
distribution, improving the theoretical properties and sim-
plifying the conceptual framework. Based on these works,
a number of T2V diffusion models [20, 29, 42, 54, 58, 61]
have emerged with text-to-video cross-attention or joint at-
tention for conditioning. Despite these methods achieving
satisfactory quality and consistency of generation, they are
designed for general T2V generation, with limited support
for personalization and concept composition.
Video Personalization. Video personalization aims to inte-
grate the appearance or motion of a designated object into
a pre-trained video generation model, enabling the model
to reproduce these properties when generating with other
prompts. Building upon the progress in the image do-
main [9, 27, 48], several approaches handle the temporal
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Figure 2. Overview of BiCo (§3.1). BiCo �rst adopts a binder structure to learn visual concepts into corresponding prompt tokens, and
then composes different concepts by passing corresponding prompt tokens through different adapters for the updated prompt as condition.

consistency problem by adding LoRAs [25] to the tempo-
ral layers of T2V models [8, 22] or learning the motion
embeddings from reference videos [39, 56, 64]. Set-and-
Sequence [4] enables the simultaneous learning of both ap-
pearance and motion from a single video by designing the
spatio-temporal weight space within the LoRA architecture.
Grid-LoRA [2] further enables reusable video personaliza-
tion by introducing a grid-based LoRA system that spatially
organizes input and output. However, we cannot accurately
designate the concept to extract and the way the concepts
are combined. The number and type of inputs are also con-
�ned, limiting the �exibility of concept composition.
Visual Concept Composition. Composing multiple visual
elements from images and videos into a coherent output
remains a challenging task. There have been early explo-
rations in decomposing image concepts [5, 21, 53]. Break-
A-Scene [5] relies on explicit mask inputs to achieve con-
cept decomposition, which limits its availability to common
users and its ability to extract non-object concepts. Other
methods [21, 53] extract multiple concepts from a single
image by jointly learning several tokens, each correspond-
ing to a visual concept. However, the content learned by
each token is unpredictable. To achieve concept compo-
sition in the image domain, existing works either use ex-
plicit spatial conditioning [32, 34, 60], which falls short in
overlapping or non-object concepts, or fuse multiple Lo-
RAs [19, 44, 49], which restricts the type and number of
concepts to compose or requires joint optimization among
all source images. TokenVerse [18] learns a modulation
term for each text token to achieve prompt-controlled con-
cept composition. Despite enhanced �exibility, it relies on
text-conditioned modulation architectures in DiT [41] mod-
els, limiting its universality to modern T2V models [51, 54].
To extend concept composition to handle videos, previous
methods [26, 55, 56] incorporate dedicated designs to de-
couple appearance and motion, supporting only the com-
position of subjects from images and motions from videos.
BiCo simultaneously enables complex concept decomposi-
tion (non-object concepts and multiple concepts from a sin-
gle input) and �exible concept composition (selective com-
position via prompts and composing image and video con-
cepts), offering endless possibilities for visual creators.

3. Methodology

3.1. Overview

Given M concept images or videos fVjc gM
j=1 with their cor-

responding textual prompt tokens fpj
cgM

j=1 , BiCo aims at
composing the visual concepts from the inputs according
to the designated prompt pd to generate a coherent visual
output V . As illustrated in Fig. 2, it �rst learns each text
token's corresponding visual appearance or motion via a
light-weight binder module for each visual input, and then
combines tokens from different source images or videos to
generate a target video that composes the individual con-
cepts. Speci�cally, during concept binding, a binder struc-
ture attached to a DiT-based T2V model [54] is utilized
to encode the correspondence between visual concepts and
textual tokens through one-shot training on different inputs
fV j

c gM
j=1 and fpj

cgM
j=1 respectively. When integrating con-

cepts from various sources, different parts of the designated
prompt pd representing visual concepts are passed through
their corresponding binders to compose the updated prompt
pu , which contains visual concept information and is then
fed into DiT blocks to serve as the condition for the com-
posed visual output.
Preliminary: Text Conditioning in T2V Models. Current
mainstream T2V models [20, 29, 42, 54, 58, 61] adopt the
DiT [41] architecture with tens of blocks to predict the de-
noising vector. Each DiT block contains attention layers, an
MLP, and a modulation mechanism for the timestep condi-
tion. To achieve text conditioning, a prevalent method is to
insert a cross-attention layer in each DiT block, which takes
the latent tokens xin as queries and the textual prompt to-
kens p as keys and values:

x out = cross attention(x in ; p; p); (1)

where xout stands for the updated latent tokens. Through
the cross-attention process, the textual information is in-
jected into the DiT model and serves as the condition when
predicting the denoising vector.

3.2. Hierarchical Binder Structure

To fully exploit the powerful capability of visual-text asso-
ciation within T2V models for accurate decomposition of
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Figure 3. Hierarchical Binder Structure (§3.2). It consists of
global and per-block binders, where each binder contains an MLP
with residual connections. For video inputs, a dual-branch binder
structure with spatial and temporal MLPs is incorporated to better
address temporal concepts.

complex visual concepts, we attach binders to DiT cross-
attention conditioning layers to encode visual concepts into
corresponding prompt tokens. Since DiT blocks have dis-
tinct behaviors during the denoising process [57], a hierar-
chical binder structure is designed with a global binder for
the overall association and per-block binders for tailored as-
sociation (Fig. 3). Speci�cally, each binder f (�) consists of
an MLP with a zero-initialized learnable scaling factor 
 in
a residual style, and takes the prompt tokens p as input:

f (p) = p + 
 � MLP(p): (2)

For video inputs, a dual-branch binder structure with
spatial and temporal MLPs is incorporated to better address
temporal concepts (detailed in §3.4). For the training pro-
cess, the concept prompt tokens pc are �rst passed through
a global binder fg(�) for a global update to get pg. Then, for
the i-th DiT block, pg are fed into a per-block binder fi

l (�)
to obtain the updated prompt pi

u , which are used as the key
and value inputs for the cross-attention layer. For the in-
ference process, we �rst decompose the designated prompt
tokens pd according to the correspondence with visual con-
cepts, and then feed each concept-related part into the cor-
responding binder. Finally, we compose the updated prompt
pi

u with the result of each concept binder. This design en-
ables �exible manipulation of visual concepts by compos-
ing the designated prompt pd.
Two-stage Inverted Training Strategy. Recent studies
point out that the denoising process of diffusion models is
divided into several stages with different functions [13, 36].
It has been discovered that prioritizing the training on
higher noise levels yields better performance [13]. To this
end, we utilize a two-stage inverted training strategy to
enhance the optimization process for hierarchical binders.
Speci�cally, we de�ne a noise level threshold � to separate

Figure 4. Prompt Diversi�cation (§3.3). The VLM extracts key
spatial and temporal concepts from the visual input, and then com-
poses them into diverse spatial-only or spatiotemporal prompts.

high and low noise levels. In the �rst stage, we only train
the global binder with the probability of � for high noise
levels (� �) and the probability of 1 � � for low noise lev-
els (< �). This setting emphasizes the high noise levels and
reduces the optimization steps on low noise levels. In the
second training stage, both global and per-block binders are
trained without inverting the probability of noise levels.

3.3. Diversify­and­Absorb Mechanism (DAM)

Establishing accurate concept-token bindings is a notable
challenge, especially in one-shot cases. To enable precise
association between concepts and prompt tokens in binders,
we introduce DAM, which takes advantage of the powerful
visual comprehension and reasoning capability of Vision-
language Models (VLMs) [7] to diversify concept prompts
while retaining the key conceptual words unchanged during
the concept binding process. As shown in Fig. 4, the prompt
diversi�cation process is divided into two stages: key con-
cept extraction and spatiotemporal concept composition. In
the key concept extraction stage, the VLM is asked to ex-
tract critical concepts from the input image or video and
divide them into spatial and temporal concepts. During
spatiotemporal concept composition, the VLM composes
the extracted concepts into a designated number of diverse
prompts with the visual input reference. For images and the
�rst-stage training of videos with a focus on spatial concepts
(detailed in §3.4), only spatial concepts are used to form the
full prompt. For the second-stage training of videos, the
VLM uses both spatial and temporal concepts to generate
the complete prompt.

The diversi�ed prompts may not cover all the details in
the visual inputs, and those uncovered visual elements can
entangle with other prompt tokens, resulting in degraded
concept-prompt binding quality. To address this issue, a
learnable absorbent token is introduced to minimize the im-
pact of concept-irrelevant details during concept binding
by absorbing those distracting visual details. Concretely,
when binding the j-th visual concept source Vj

c with the
corresponding textual prompt tokens pj

c, we initialize an
absorbent token pja , and concatenate it with pj

c along the
sequence dimension as the input of the hierarchical binder
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structure. The embeddings of the token pj
a are updated with

other learnable parameters during optimization. When it
comes to concept composing, the absorbent token pj

a is dis-
carded to suppress undesired details.

3.4. Temporal Disentanglement Strategy (TDS)

The ability to compose concepts from both images and
videos is of great signi�cance to visual content creators.
However, signi�cant temporal heterogeneity exists between
images and videos [12], especially the temporal domain
shift caused by the absence of motion in images. This hin-
ders compatibility when directly composing concepts from
both sources. To enable �exible composition of image and
video concepts with satisfactory quality, we devise TDS,
which aligns the learning paradigm of images and videos
by decoupling the training process for video concepts into
two stages. In the �rst stage, we train the binders on indi-
vidual video frames without temporal concepts in the input
prompt. This setting remains the same as the training setting
of image concepts, with a focus on binding spatial concepts.
In the second stage that trains the binders on full videos and
complete prompts with temporal concepts, we adopt a dual-
branch binder structure to decouple the learning of spatial
and temporal concepts and inherit the knowledge from the
�rst stage. Speci�cally, we extend the MLP in the original
binder with an extra temporal MLP branch MLPt , and then
fuse them with a learnable gating module g(�):

MLP(p)  (1 � g(p)) � MLP s(p) + g(p) � MLP t (p); (3)

where the weights of MLPs are taken from the �rst stage
and g(�) is zero-initialized to provide the optimization pro-
cess with a good initial state. Such a disentanglement strat-
egy alleviates the temporal heterogeneity between images
and videos and achieves better results when composing con-
cepts from both images and videos.

4. Experiments

4.1. Implementation Details

We select Wan2.1-T2V-1.3B [54] as the base model to ap-
ply BiCo. The MLP structure in binders consists of two
linear layers with layer normalization [6] and GELU [23]
activation. The binders are trained with a learning rate of
1:0 � 10 �4 for 2400 iterations per stage. The noise level
threshold � in §3.2 is set to 0:875. We set the length for
composed videos to 81 frames during inference. All other
hyperparameters remain the same as Wan2.1 [54]. Experi-
ments are conducted on NVIDIA RTX 4090 GPUs.

4.2. Comparisons to Prior Works

To demonstrate the superiority of BiCo over existing vi-
sual concept composition works, we conduct quantitative
and qualitative comparisons with 4 representative methods:

Table 1. Quantitative Comparisons with Prior Arts (§4.2.1).
Results in bold are the best. † Implemented on Wan2.1 [54].

Method CLIP-T" DINO-I" Concept" Prompt" Motion" Overall"

Text-Inv† 25.96 20.47 2.14 2.17 2.94 2.42
DB-LoRA† 30.25 27.74 2.76 2.76 2.51 2.68
DreamVideo 27.43 24.15 1.90 1.82 1.66 1.79
DualReal 31.60 32.78 3.10 3.11 2.78 3.00
BiCo (Ours) 32.66 38.04 4.71 4.76 4.46 4.64

Textual Inversion (Text-Inv) [17], DreamBooth-LoRA (DB-
LoRA) [48], DreamVideo [56], and DualReal [55]. We
adapt Text-Inv and DB-LoRA on the same T2V model [54]
as BiCo to support video concepts. Since existing meth-
ods that support both images and videos only take one im-
age (subject) and one video (motion) as input, we limit our
comparisons to composing concepts from one image and
one video for fair comparisons in this section.

4.2.1. Quantitative Comparisons

We construct 40 test cases with images and videos from the
DAVIS [43] dataset and the Internet for evaluation. Both
automatic metrics and human evaluations are adopted for
assessing the concept composition performance. For au-
tomatic metrics, we use CLIP-T to measure the alignment
between the generated video and the textual prompt with
CLIP [45] feature similarities, and choose DINO-I to quan-
tify the preservation of visual concepts with the harmonic
mean of DINO [10] feature similarities between the com-
posed video and all visual inputs. For human evaluations,
we asked 28 volunteers to rate the composed video in the
following aspects with a 5-point Likert scale: 1) Concept
Preservation: how well the composed video preserves the
concepts from corresponding visual sources. 2) Prompt
Fidelity: how well the composed video follows the input
prompt. 3) Motion Quality: the motion quality of the com-
posed video considering motion smoothness, consistency,
naturalness, etc. We compute the average score of the 3
aspects as the Overall Quality. Please refer to the supple-
mentary for more details on user study settings.

As displayed in Tab. 1, BiCo consistently outperforms all
other methods in both automatic metrics and human evalua-
tions. Compared to the prior art DualReal [55], our method
achieves a +54.67% improvement on the subjective Over-
all Quality. In addition, BiCo also supports the extraction
of non-object concepts, learning multiple concepts from a
single input, arbitrary image/video input types, and �exible
concept composition via prompt manipulation, where pre-
vious methods fall short.

4.2.2. Qualitative Comparisons

We visualize the composed videos in Fig. 5 to provide an
intuitive comparison with other methods. It shows a cre-
ative motion transfer task, where Textual Inversion [17]
and DreamVideo [56] fails to combine the visual concepts.
DualReal [55] does not accurately follow the prompt to
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Figure 5. Qualitative Comparisons with Previous Methods (§4.2.2). The input visual concepts and composed prompts are on the left.

Table 2. Ablations of BiCo (§4.3). Results in bold are the best.
n stands for without two-stage inverted training strategy.

Hrc. Div. Abs. TDS Concept" Prompt" Motion" Overall"

2.16 2.60 2.26 2.34
! 2.63 2.88 2.93 2.81
! ! 3.40 3.34 3.04 3.26
! ! ! 3.55 3.43 3.43 3.47
! ! ! 3.80 3.97 3.70 3.82
n ! ! ! 2.60 2.70 2.43 2.58
! ! ! ! 4.43 4.47 4.32 4.40

compose the concepts, and the generated video is almost
static. Although DB-LoRA [48] mostly follows the des-
ignated prompt to integrate visual concepts, there are sig-
ni�cant drifts of visual concepts from the original inputs.
BiCo best composes the visual concepts according to the
given prompt while maintaining the visual concept consis-
tency with the input image and video.

4.3. Diagnostic Experiments

To provide a better understanding of BiCo's components,
we conduct both quantitative ablations and a case study.
Quantitative Ablations. We adopt the human evaluation
method in §4.2.1 with another 24 volunteers and the same
test cases. The results are presented in Tab. 2.
Case Study. We further illustrate the functions of BiCo's

components with a concrete visual concept composition
sample with an image and a video input in Fig. 6.
Baseline. We start from a simple baseline with only the
global binder, omitting the hierarchical design, DAM, and
TDS (#1). This naive baseline method does not achieve sat-
isfactory performance due to limited concept binding capa-
bility and image-video compatibility.
Hierarchical Binder Structure. By integrating the hierar-
chical design of binders (Hrc., #2), the binding capability of
our method is signi�cantly enhanced with per-block binders
for tailored concept-token association. The effectiveness is
demonstrated by the improvement of Concept Preservation
and Motion Quality in Tab. 2 and the better reproduction of
the bird concept in Fig. 6 compared to #1.
Prompt Diversi�cation. The prompt diversi�cation opera-
tion (Div., #3) enhances the binding accuracy between con-
cepts and prompt tokens under the one-shot training setting
of BiCo. As Tab. 2 shows, the Concept Preservation score
rises signi�cantly compared to #1 with the integration of the
prompt diversi�cation operation. However, some unwanted
details appear in Fig. 6, degrading the composition quality.
Absorbent Token. The absorbent token (Abs.) in AAM
facilitates more accurate concept-prompt binding by sup-
pressing prompt-irrelevant details during training, resulting
in reduced unwanted elements comparing #4 to #3 and #7 to
#5 in Fig. 6. The improvement of Concept Preservation and
Motion Quality in Tab. 2 further veri�es the effectiveness of
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Figure 6. Case Study for Components (§4.3). The input visual concepts and composed prompts are on the left.

the absorbent token.
TDS. By decoupling the training process of spatial and tem-
poral concepts in videos, TDS prominently enhances the
Overall Quality in Tab. 2 comparing #5 to #3 and #7 to #4.
The qualitative results in Fig. 6 also improves with better
concept detail preservation from both the input image and
video. These results validate its effectiveness for improving
the compatibility between image and video concepts.
Two-stage Inverted Training Strategy. The two-stage in-
verted training strategy plays an essential part in training
the hierarchical binders. By �rst training the global binder
with a focus on high noise levels, the strategy provides a
better initialization for the full training stage and stabilizes
the training process. Without such a training strategy, the
optimization becomes hard and unstable, resulting in con-
siderably degraded results in #6 of both Tab. 2 and Fig. 6.

4.4. Qualitative Results

We present various creative visual concept composition re-
sults with BiCo in Figs. 1 and 7, including the composition

of non-object concepts (e.g. style and motion), and com-
posing multiple visual concepts. As observed, BiCo con-
sistently achieves satisfactory concept consistency, prompt
�delity, and motion quality, validating the superiority of our
design. More results can be found in the supplementary.

4.5. Other Applications

Thanks to the powerful concept binding capability and
�exible token manipulation pattern of BiCo, we can uti-
lize BiCo to perform other creative applications for visual
content creation. As the upper part of Fig. 8 illustrates,
BiCo possesses the capability of decoupling complex con-
cepts from the visual inputs, such as all the dogs from the
input with multiple dogs and cats. This is achieved by keep-
ing only the dog-related tokens in the designated prompt
and discarding the cat-related ones when generating the tar-
get video with the trained binder. In addition, BiCo can also
perform text-guided visual editing, as displayed in the lower
part of Fig. 8. To edit the input image or video, we �rst
perform concept binding and then compose the designated
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Figure 7. Qualitative Results (§4.4). In each case, the upper row shows the visual inputs, and the lower row presents the composed video.

Figure 8. Other Applications (§4.5). BiCo can also perform other
tasks like image/video decomposition and text-guided editing.

prompt tokens. For the unchanged visual elements, we pass
the corresponding prompt tokens through the binder. For

the edited parts, the prompt tokens are directly used to com-
pose the designated prompt without updates.

5. Conclusion and Discussion

In this work, we propose BiCo, a one-shot method that
can accurately extract complex visual concepts and �ex-
ibly combine concepts from both images and videos. It
�rst binds visual concepts with the corresponding prompt
tokens and then composes the target prompt with bound to-
kens from various sources to generate the composed video.
It includes a hierarchical binder structure to achieve com-
plex visual concept decomposition, DAM for more accurate
concept-token binding, and TDS for enhanced image-video
compatibility. Extensive results across various scenarios
have validated the effectiveness of BiCo. We believe that
BiCo will boost the community's creativity by providing a
handy tool to achieve versatile visual concept composition.
Limitations. BiCo treats each token equally in the concept
composition process. Nevertheless, the signi�cance of each
token for T2V generation is unevenly distributed. Some to-
kens that represent subjects and motions play a more im-
portant role than the function words. We plan to integrate
adaptive designs to highlight those critical tokens in future
work. More discussions are included in the supplementary.
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Composing Concepts from Images and Videos via Concept-prompt Binding

Supplementary Material

This document includes more details, extra experimental
results, corresponding analyses, and further discussions of
BiCo. The document is organized as follows:
• §A provides detailed VLM prompts for the prompt diver-

si�cation process in DAM.
• §B gives more details on the user studies.
• §C provides more details on the two-stage inverted train-

ing strategy and conducts further ablations.
• §D explains the justi�cations for the absorbent token and

provides empirical evidence.
• §E illustrates more qualitative comparisons.
• §F performs another case study to facilitate the under-

standing of different components of BiCo.
• §G further discusses the limitations with failure cases and

the societal impacts of BiCo.
Please refer to the webpage for video results.

A. Detailed Prompts for DAM

In the prompt diversi�cation process, we utilize a pow-
erful VLM Qwen2.5-VL [7] to generate diversi�ed con-
cept prompts while retaining the key conceptual words un-
changed. During the key concept extraction stage, the VLM
is asked to extract essential spatial and temporal concepts
from the visual inputs. For image inputs, we use the follow-
ing textual prompt to extract spatial concepts:

You are an image captioning specialist whose goal
is to extract the concepts in words or phrases that
compose the input image. You need to adhere to the
formatting of the examples provided strictly.
Task Requirements:
1. Concepts stand for names of objects, colors,

styles, etc;
2. The overall output should be in English;
3. The concepts should be brief but concrete, each

concept is either a single word or a small phrase.
Avoid vague concepts such as ”background”;

4. You should be precise and concise;
5. You should output all the extracted concepts

within a ”spatial” category as the example.
Example of the concept output:
f“spatial”: [“brown cat”, “sunglasses”, “sketch”,
“sunny”, “grassland”]g
Please output in JSON format (pure text, without
markdown formatting).

For video inputs, the following textual prompt is adopted
to extract both spatial and temporal concepts:

You are a video captioning specialist whose goal is
to extract the spatial and temporal concepts in words
or phrases that compose the input video. You need
to adhere to the formatting of the examples provided
strictly.
Task Requirements:
1. Spatial concepts stand for names of objects, col-

ors, styles, etc;
2. Temporal concepts refer to the motion, transi-

tions, and probably viewpoint changes in the
video;

3. The overall output should be in English;
4. The concepts should be brief but concrete, each

concept is either a single word or a small phrase.
Avoid vague concepts such as ”background”;

5. You should be precise and concise;
6. You should output all the extracted concepts

within a ”spatial” category as the example.
Example of the concept output:
f“spatial”: [“brown cat”, “sunglasses”, “sketch”,
“sunny”, “grassland”], “temporal”: [“jumping”,
“running”, “falling”, “gently �owing”, “bright to
dark”, “near to far”]g
Please output in JSON format (pure text, without
markdown formatting).

During the spatiotemporal concept composition stage,
the VLM is asked to combine the extracted concepts into
a number of full prompts according to the visual input. For
images and the �rst-stage training of videos with a focus on
spatial concepts, we use the following prompts:

You are an image captioning specialist whose goal
is to write high-quality English prompts by refer-
ring to the extracted concepts and the input image,
making them complete and expressive.
Task Requirements:
1. Use the given concepts to describe the image in

a concise sentence;
2. You should make sure that the generated caption

matches the image content;
3. You can rearrange or paraphrase these concepts

to form diverse captions;
4. No matter what language the user inputs, you

must always output in English.
Example of the English captions:
1. A boat in a river, with trees and houses on the
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riverbank, and a foggy sky.
2. A large brown bear in front of a rocky enclo-

sure. The backdrop features a rustic stone wall
and scattered boulders.

3. A human pose standing with arms crossed in
front of a black background.

Directly output the English caption text.

For the second-stage training of videos, the following
prompt is adopted:

You are a video captioning specialist whose goal is
to write high-quality English prompts by referring
to the extracted spatial and temporal concepts and
the input video, making them complete and expres-
sive.
Task Requirements:
1. Use the given concepts to describe the video in a

concise sentence;
2. You should make sure that the generated caption

matches the video content;
3. You can rearrange or paraphrase these concepts

to form diverse captions;
4. No matter what language the user inputs, you

must always output in English.
Example of the English captions:
1. A boat sailing in a river, creating white ripples in

the water, with trees and houses on the riverbank,
and a foggy sky.

2. A large brown bear ambles slowly across a rocky
enclosure. The backdrop features a rustic stone
wall and scattered boulders.

3. A human pose standing with arms crossed in
front of a black background, turning slowly from
left to right.

Directly output the English caption text.

B. User Study Details

We recruited volunteers from various backgrounds to con-
duct the user study. Each user is given a subset of 10 groups
of test cases and is asked to rate the concept consistency,
prompt �delity, and motion quality on a 5-point Likert scale.
The detailed questions are as follow:
• Concept Preservation: How well do you think that the

composed video preserves the concepts from the corre-
sponding visual sources?

• Prompt Fidelity: How well do you think that the com-
posed video follows the input prompt?

• Motion Quality: Please rate the motion quality of the
generated video. You can consider the motion smooth-
ness, consistency, naturalness, etc. Please note that still

Table 3. Extra Ablations on Two-stage Inverted Training Strat-
egy (§C). Results in bold are the best.

Two-stage InvertedConcept" Prompt" Motion" Overall"

2.60 2.70 2.43 2.58
! 3.53 3.77 3.53 3.61
! ! 4.43 4.47 4.32 4.40

frames without motion are considered low quality.

C. Extra Details and Ablations on Two-stage
Inverted Training Strategy

The probability distribution for the discretized timestep ti

in inverted training is:

p(t i ) =

(
(1 � �) � 1

N <�
; d(t i ) < �

� � 1
N ��

; d(t i ) � �
; (4)

where d(ti ) 2 [0; 1] indicates the position of ti in the sched-
uler, and N� is the total number of discretized timesteps in
the interval �. � = 0:875 is selected according to the train-
ing recipe of Wan2.2 to distinguish higher and lower noise
levels. While � can be selected in a reasonable range to em-
phasize the higher noise levels, we empirically found that
setting � = � exchanges the total probability mass between
the higher and lower noise levels and yields satisfactory per-
formance given that higher noise levels originally account
for a smaller probability than lower noise levels.

We provide additional quantitative ablation results un-
der the same settings in §4.3 to facilitate understanding of
the two-stage inverted training strategy. Results are shown
in Tab. 3, where Two-stage means that training the global
binder before training the whole hierarchical binder struc-
ture, and Inverted stands for focusing more on high noise
levels in the �rst stage. We can observe that both tech-
niques are crucial for achieving satisfactory optimization of
the binders.

D. Analysis on Absorbent Token

In T2V models, text tokens are already associated with cor-
responding visual concepts as a good initial value for further
personalization. This association is the foundation for our
binders to learn sample-speci�c features. With a new ab-
sorbent token, it is expected that the model encodes irrele-
vant information into this token instead of other tokens with
good initialization for corresponding visual concepts. The
absorbent token is expected not to capture speci�c concepts,
but to prevent other conceptual tokens from being distracted
from established initial associations.

We demonstrate the effectiveness of the absorbent token
by reconstructing a target image with the trained binder and
visualizing the cross-attention maps of the target subject to-
kens (Akita dog) and the absorbent token in Fig. 9. As ob-
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served, the absorbent token does capture irrelevant details
like plants. Removing the trained absorbent token during
inference also enhances attention on the target.

Figure 9. Visualizations of cross-attention maps of target subject
tokens (Akita dog) (§D).

E. Additional Qualitative Comparisons

We provide more composed videos in Fig. 10 for addi-
tional qualitative comparisons with other methods. Fig. 10a
demonstrates a motion transfer task, where Textual Inver-
sion [17] and DreamVideo [56] fails to combine the vi-
sual concepts. DualReal [55] suffers from inadequate vi-
sual concept preservation and unintended concept leakage
(e.g., the green leaves). Although DB-LoRA [48] mostly
follows the designated prompt to integrate visual concepts,
there are signi�cant drifts of visual concepts from the origi-
nal inputs (e.g., the direction of the squirrel). BiCo achieves
the best result in composing the visual concepts according
to the given prompt while maintaining the consistency of
visual concepts with the input image and video.

Fig. 10b illustrates a creative style transfer task to inte-
grate the line art sketch style with the subject in a video. All
previous methods [17, 48, 55, 56] fail in this task to learn
and compose the style concept. This sample further veri�es
the �exible versatile controllability of BiCo.

F. Extra Case Study

We further illustrate the functions of BiCo's components
with another concrete visual concept composition sample in
Fig. 11. Comparing #2 to #1, we can observe that the hierar-
chical binder structure enables our method to encode more
visual information into binders, resulting in better concept
preservation results. The prompt diversi�cation operation
(#3) and the absorbent token (#4) in DAM enhance the ac-
curacy of concept-prompt binding, better preserving back-
ground details in the composed videos. The effectiveness
of the absorbent token can also be veri�ed by the enhanced
background preservation in #7 compared to #5. TDS fur-

ther improves the composition quality by enhancing the
compatibility between image and video concepts, as illus-
trated by comparing #7 to #4 and #5 to #3. The two-stage
inverted training strategy signi�cantly stabilizes the opti-
mization process, bringing considerably better results in the
same optimization steps (#7 to #6). The video results can
be found in the webpage.

G. More Discussions

G.1. Limitations

The signi�cance of each prompt token for T2V generation
is unevenly distributed. Some tokens that represent subjects
and motions play a more important role than the function
words. In addition, when a concept is visually complex
or deviates signi�cantly from the average looking of the
text token, the binder's representation capability for each
token may be insuf�cient to accommodate all the visual in-
formation. Nevertheless, BiCo treats each token equally in
the concept composition process, which can result in un-
intended concept drifts. For instance, in the upper part
of Fig. 12, BiCo fails to accurately reproduce the colorful
whimsical hat in the composed video, where the hat's ap-
pearance differs considerably from an average hat. We plan
to integrate adaptive designs to highlight critical tokens in
our future work.

Furthermore, BiCo also falls short when the composition
requires some common sense reasoning. For example, the
composed video in the lower part of Fig. 12 simply adds
an additional leg to the Doberman Pinscher to hold the gun
instead of raising an existing leg, resulting in a total of 5 legs
in a single dog. This issue may be alleviated by integrating
the strong reasoning capabilities of VLMs to design a more
comprehensive captioning and composing paradigm.

G.2. Societal Impacts

BiCo enables �exible visual concept composition for both
images and videos through a one-shot paradigm, enabling
practitioners to experiment with visual concepts from mul-
tiple sources to implement their creativity. For individual
creators, the one-shot nature of our method allows them
to integrate AI-assisted visual content composition into
their work�ows without extensive training. For commercial
teams, our method provides them with a new opportunity to
�exibly combine their intermediate results and other assets,
boosting the novelty of the produced visual content.

On the other hand, with BiCo's powerful capability to
manipulate visual concepts, it can be used to produce fabri-
cated images and videos that appear highly realistic, posing
signi�cant challenges for verifying the authenticity of visual
media. Such content can distort public perception and raise
privacy concerns when fake contents featuring an individual
are generated in an unauthorized way.

14



BiCo (Ours)

DualReal

DreamVideo

DB-LoRA

Text-Inv

A young monkey sits on dirt, 
nibbling on something while bathed 

in sunlight.

A squirrel sits 
on dirt, 

nibbling on 
something 

while bathed in 
sunlight, with 
its tail curled 

behind it.

(a)
A young monkey 

perches on a 
tree branch…

BiCo (Ours)

DualReal

DreamVideo

DB-LoRA

Text-Inv

A minimalist line art sketch of an 
elephant walks calmly.

An elephant 
walks calmly 
across a dirt 

field, set 
against a 

backdrop of 
trees and a 
beautiful 
sunset.

A minimalist 
line art sketch 

of two 
elephants…

(b)

Figure 10. Additional Qualitative Comparisons (§E). The input visual concepts and composed prompts are on the left.
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