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A man pets a dog on

Figure 1. Given a text prompt as well as reference images for each subject (i.e., man, dog) and background images (i.e., bridge, desert, sea
ice, Moon’s surface), Video Alchemist synthesizes natural motions while preserving subject identity and background fidelity.

Abstract ited domains, require time-consuming optimization per sub-
ject, or support only a single subject. We present Video
Alchemist—a video model with built-in multi-subject, open-
set personalization capabilities for both foreground objects
and background, eliminating the need for time-consuming

Video personalization methods allow us to synthesize
videos with specific concepts such as people, pets, and
places. However, existing methods often focus on lim-

*This work was done while interning at Snap.
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test-time optimization. Our model is built on a new Diffu-
sion Transformer module that fuses each conditional refer-
ence image and its corresponding subject-level text prompt
with cross-attention layers. Developing such a large model
presents two main challenges: dataset and evaluation.
First, as paired datasets of reference images and videos are
extremely hard to collect, we sample selected video frames
as reference images and synthesize a clip of the target video.
However, while models can easily denoise training videos
given reference frames, they fail to generalize to new con-
texts. To mitigate this issue, we design a new automatic
data construction pipeline with extensive image augmenta-
tions. Second, evaluating open-set video personalization is
a challenge in itself. To address this, we introduce a per-
sonalization benchmark that focuses on accurate subject fi-
delity and supports diverse personalization scenarios. Fi-
nally, our extensive experiments show that our method sig-
nificantly outperforms existing personalization methods in
both quantitative and qualitative evaluations.

1. Introduction

Diffusion models [28, 63, 64] have enabled us to synthesize
realistic videos with natural motions from text prompts [4,
6, 29, 48, 62]. This level of quality and realism paves the
way for personalization—the ability to generate videos con-
taining specific objects and people in unseen contexts or
backgrounds. Multiple methods have been proposed to gen-
erate content with specific people or pets, but they remain
limited to closed-set object categories. Some only support
human faces [26, 45] or a single subject [32, 78, 80, 88],
while others only work on foreground objects [8, 9, 76].
Moreover, many of these methods require costly test-time
optimization [45, 78, 80].

In this paper, we present Video Alchemist, a video gen-
eration model with extensive personalization capabilities.
Our model supports the customization of multiple subjects
and open-set entities, including both foreground objects
and background. Importantly, our method does not require
fine-tuning to incorporate new concepts. Figure 1 shows
videos personalized for two subjects across four back-
grounds. Video Alchemist is built on new Diffusion Trans-
former modules [53] tailored for personalization. Each
module uses two cross-attention layers: one to integrate
the text prompt describing the entire video and the other
to incorporate the embeddings of each reference image. To
achieve multi-subject conditioning, we employ a simple yet
effective subject-level fusion, blending the word description
of each subject with its image embeddings.

But how can we collect data to train our model? Ide-
ally, it requires a dataset of videos and images with many
subjects, each captured with varying lighting, background,
and pose. Unfortunately, collecting such a dataset for open-
set entities is challenging at best and impossible at worst.
Alternatively, we can extract reference images and target
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video clips from the same video. However, this approach
comes with a significant drawback—factors unrelated to
identity still have a very high correlation across different
video frames, leading to what we term the copy-and-paste
effect. This issue is commonly seen in reconstruction-based
methods, such as IP-Adapter [85], as shown in Figure 5. As
a result, the model struggles to synthesize diverse videos
with unseen backgrounds, lighting, and pose. To allevi-
ate this overfitting, we design a data construction pipeline
to automatically extract object segments from target videos
and craft personalization-specific data augmentation to en-
sure that the model focuses on the subject identity of the
reference images. Experiments show that training with the
proposed augmentation can significantly mitigate the copy-
and-paste effect, as shown in Figure 6.

Another challenge is the lack of a suitable benchmark for
evaluating multi-subject video personalization. Typically,
we evaluate video personalization results by computing a
similarity score between the generated video and the ref-
erence images [32, 58, 85, 88]. Unfortunately, this metric
does not apply to multiple entities, as it cannot focus on
each subject separately. To address these limitations, we in-
troduce MSRVTT-Personalization, a comprehensive and ro-
bust evaluation protocol for personalization tasks. This new
benchmark facilitates evaluation across various condition-
ing modes, including conditioning on face crops, single or
multiple arbitrary subjects, and combinations of foreground
objects and backgrounds. Unlike image-level similarity, we
evaluate the subject fidelity of each object segment. The
experiments demonstrate that Video Alchemist outperforms
existing personalization methods regarding both quantita-
tive and qualitative evaluations. In addition, we conduct an
extensive ablation study to verify the effectiveness of our
proposed components.

Our contributions can be summarized as follows:
We present Video Alchemist, a new video generation
model that supports multi-subject, open-set personaliza-
tion for both foreground objects and background.
We carefully curate a large-scale training dataset and in-
troduce training techniques to reduce model overfitting.
We introduce MSRVTT-Personalization, a new video per-
sonalization benchmark, providing various conditioning
modes and accurate measurement of subject fidelity.

2. Related Work

Diffusion Video Models. Diffusion models [28, 29, 56, 63,
64] have demonstrated impressive capabilities in generating
realistic images. Building on this success, recent studies
have explored their applications in text-conditioned video
synthesis [4, 6, 22, 23, 44, 46, 48, 60, 62, 84, 87]. Ima-
genVideo [60] and Make-A-Video [62] use cascaded tem-
poral and spatial upsamplers for video generation. Vide-
oLDM [4] fine-tunes a pre-trained latent image generator
and decoder to produce temporally coherent videos. Dif-
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Figure 2. Dataset collection pipeline for video personalization. We construct our training dataset using video and caption pairs through
three steps. First, we identify three categories of entity words from the caption: subject, object, and background. Next, we use these entity
words to localize and segment the target subjects and objects in three selected video frames. Finally, we extract a clean background image

by removing the subjects and objects from the middle frame.

ferently from previous models based on the U-Net [57] ar-
chitecture, SnapVideo [48] adapts the FiT [10] and scales
to billion-parameter models. More recently, Sora [6] adopts
the Diffusion Transformer [53] to achieve high-resolution,
long video synthesis. While these studies have shown sig-
nificant progress, using text prompts alone confines the gen-
erated content to what can be described in words.

Personalized Image Generation. This task aims to cus-
tomize a generative model to new concepts and subjects us-
ing a few input images [2, 19, 24, 25, 33, 36, 51, 58, 61,
68, 73, 75, 85]. For example, DreamBooth [58] optimizes
the entire text-to-image model for each subject, while Tex-
tual inversion [19] learns a text embedding for each subject
and uses the embedding to generate novel images. Custom
Diffusion [36] learns to compose multiple concepts, each
represented by text embedding and cross-attention weights.
However, these optimization-based models require finetun-
ing weights or optimizing embeddings for every new con-
cept, which is inevitably slow and prone to overfitting.

Recent studies have explored encoder-based methods to
reduce test-time finetuning [1, 14, 20, 37, 59, 61, 71,77, 82,
85]. IP-adapter [85] learns a lightweight decoupled cross-
attention mechanism for image conditioning. Instance-
Booth [61] trains an image encoder to convert reference im-
ages into textual tokens and introduces adapter layers to re-
tain identity details. Our model also uses an encoder, but
we focus on video personalization with multiple subjects.

Personalized Video Generation. Several works have ex-
tended model personalization techniques for videos [12, 18,
26,32,42,45,47,76,78, 80, 86, 88]. DreamVideo [78] uses
an optimization-based strategy, training an image adapter to
capture the subject’s appearance and a motion adapter to
model dynamics. In contrast, StoryDiffusion [88] adopts an

optimization-free approach with a consistent self-attention
mechanism and a semantic motion predictor to ensure
smooth transitions and consistent subjects.

However, most of the existing methods focus on limited
domains. Some are limited to face personalization [26, 45]
or a single subject from specific categories [32, 78, 80, 86,
88], while others focus solely on foreground objects [8, 9,
76]. In contrast, we introduce a video model that supports
the customization of multiple open-set entities across both
foreground objects and background. Closely related to our
work, VideoDrafter [42] achieves open-set video person-
alization in two stages: text-to-image personalization and
first-frame animation. In contrast, our end-to-end method
alleviates poor subject consistency in long video synthesis,
a notable limitation of first-frame animation.

3. Methodology

Our goal is to learn a generative video model conditioned on
a text prompt and a set of images representing each entity
word in the prompt.

3.1. Dataset Collection

As shown in Figure 2, we curate our dataset in three steps.

Retrieving Entity Words. To achieve multi-subject per-
sonalization, we use a large language model [31] to re-
trieve multiple entity words from a single caption. Specif-
ically, we define three types of entity words: subject (e.g.,
human, animal), object (e.g., car, jacket), and background
(e.g., room, beach). Subjects and objects are supposed to be
clearly visible in the video. Next, we adapt several criteria
to filter and enhance the quality of the training dataset. For
example, we exclude videos with any subject entity word in
plural form (e.g., a group of people, several dogs) to avoid
ambiguity in personalization. Another example is that we
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entity word c,,. Each square in the figure represents a 1-D token.

remove videos without subject entity words, as their dynam-
ics is often dominated by meaningless camera movements.
More details can be found in Appendix A.2.

Preparing Subject Images. Next, we select three frames
from the beginning, middle, and end of the video (in the 5%,
50%, and 95% percentiles). The motivation is to capture
the target subject or object with different poses and lighting
conditions. Subsequently, we apply GroundingDINO [40]
to each frame to detect the bounding boxes. These bounding
boxes are then used by SAM [35] to segment the mask re-
gions corresponding to each entity. Moreover, for reference
images depicting humans, we apply face detection [74] to
extract face crops.

Preparing Background Image. Lastly, we create a clean
background image by removing the subjects and objects.
Since SAM [35] occasionally produces imprecise bound-
aries, we dilate the foreground mask before applying an
inpainting algorithm [56]. We use the background entity
word as the positive prompt and use “Any human or any ob-
ject, complex pattern, and texture” as the negative prompt.
To ensure background consistency, we only use the middle
frame of each video sequence.

3.2. Video Personalization Model

We learn Video Alchemist by denoising the video using a
text prompt, reference images, and their corresponding en-
tity words as conditions.

Video Generation Backbone. As illustrated in Figure 3,
our model is a latent Diffusion Transformer (DiT) [53],
where we first compress a video into a latent representation
using an autoencoder [84] and encode it into a sequence of
1-D video tokens with a tokenizer [34]. Next, we add Gaus-
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, f~), where f,, fuses the embeddings of both the reference image z, and the corresponding

sian noise to obtain a noisy sample and learn a denoising
network following the rectified flow formulation [39, 41].
Our network is a deep cascade of DiT blocks. Unlike
vanilla DiT designs, our module supports built-in person-
alization capability by combining information from both
text and image conditioning. Our DiT block includes
three layers: one multi-head self-attention [72], followed
by two multi-head cross-attention for text and personal-
ization conditioning, respectively. We use RoPE [66] po-
sitional embeddings in self-attention due to its effective-
ness irrespective of number of video tokens and use self-
conditioning [11] to enhance visual quality. We further
adopt flash attention [15] and the fused layer norm [49] to
accelerate the model training and inference.
Binding of Image and Word Concepts. For multi-subject
personalization, the model can be conditioned on different
subjects, each represented by one or more reference images.
Consequently, providing the binding between correspond-
ing text tokens and image tokens is critical. As shown in the
second row of Figure 6, without such binding information,
the model tends to apply image conditioning to an incorrect
subject, such as placing a reference human face on a dog.
We provide the binding through the form of personaliza-
tion embeddings f = Concat(f,..., fn,..., fn), where
frn encodes information from both the reference image and
the corresponding entity word. Here, N is the number of
reference images. Specifically, to produce embeddings f,,
we first encode the image as image tokens x,, € R'*?, us-
ing a shared, frozen image encoder [50]. Here, [ denotes
the number of tokens per reference image, and d denotes
the dimension of each token.



Next, we retrieve word tokens c¢,, from the text embed-

dings ¢ (encoded from the text) and flatten c,, into a 1-D
embedding. Since the number of tokens of an entity word
varies, we zero-pad or truncate the word embeddings to a
consistent length. To bind the image and word tokens, we
replicate the flattened word tokens ! times and concatenate
them with the image tokens along the channel axis. Finally,
we pass it to a linear projection module, apply a residual
connection with the image tokens x,,, and add a learnable
image index embedding to separate tokens from different
images. Different tokens from the same image will share
the same image index embedding.
Personalization Conditioning. The personalization em-
beddings f are then used to compute cross-attention with
video tokens. Although IP-Adapter [85] uses a single de-
coupled cross-attention layer for both text and image con-
ditioning, we find empirically that separate cross-attention
layers perform better in our case. This is likely because
our multi-image conditioning introduces a longer sequence
of image tokens. Thus, mixing text and image tokens in a
shared layer causes the image tokens to dominate, reducing
alignment with the text prompt.

We train the model in two stages. In the first stage, we
train the model with only one cross-attention for text condi-
tioning. Next, we introduce the additional cross-attention
for personalization conditioning and fine-tune the whole
model with warmup. Appendix B details model training.

3.3. Reducing Model Overfitting

We learn Video Alchemist by denoising the training videos
using the selected and segmented frames as conditions.
However, this approach often leads to overfitting, where the
model learns to focus on the lighting, pose, occlusion, and
camera viewpoint of the reference subject (ref) rather than
its identity. Specifically, we find that:
* If ref is high-resolution, the model generates a large sub-
ject close to the camera.
If ref is occluded, the model generates other objects that
occlude the target subject.
If ref is cropped, the model places the subject at the edge,
causing it to be cropped by the video boundary.
The model often replicates the subject’s pose and lighting
conditions from ref.
If multiple refs represent the same subject with similar
poses, the model produces a subject with minimal motion.
This overfitting often leads to the copy-and-paste effect,
where the model directly replicates the reference images in
the video without introducing pose and lighting variations.
This effect is commonly observed in reconstruction-based
methods, such as IP-Adapter [85], as shown in Figure 5.
To alleviate these issues, we apply data augmentation to
the reference images. Specifically, we use downscaling and
Gaussian blurring to prevent overfitting to the image reso-
lution, color jittering and brightness adjustment to mitigate
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overfitting on the lighting conditions, and random horizon-
tal flip, image shearing, and rotation to weaken overfitting
on the subject’s pose. The key idea is to guide the model
to focus on the subject’s identity rather than learning the
unintended information leakage from the reference images.
More details on the proposed image augmentations can be
found in Appendix A.3.

4. Experiments

Section 4.1 introduces MSRVTT-Personalization, a compre-
hensive benchmark for personalization. Section 4.2 pro-
vides quantitative and qualitative comparisons with state-
of-the-art methods. Section 4.3 discusses the ablation study
of our model training and architecture designs. Appendix A
contains details of the training dataset and augmentations.
Appendix B includes details of model architecture, training,
and inference. Finally, we include more generated samples
in Appendix C.

4.1. MSRVTT-Personalization Benchmark

Existing methods [58, 78, 85, 88] evaluate subject preserva-
tion using image similarity [16, 50, 55] between reference
and generated images or videos. However, these metrics are
ineffective for multiple subjects, as image-level similarity
fails to focus on the target subject. To address this issue, we
introduce MSRVTT-Personalization to provide a more com-
prehensive and accurate evaluation of personalization tasks.

It supports various conditioning scenarios, including condi-

tioning on face crops, single or multiple subjects, and both

foreground objects and backgrounds.

We construct the test benchmark based on MSR-
VTT [83] and process the dataset in three steps. First, we
use TransNetV2 [65], a shot boundary detection algorithm,
to split long videos into multiple clips and apply an inter-
nal captioning algorithm to create detailed captions for each
clip. Next, we follow the procedure in Section 3.1 to pro-
duce annotations for each video-caption pair. Finally, to
ensure data quality, we manually select samples that meet
the following criteria:

* Video is not an animated still image without meaningful
subject motion.

* Video does not contain extensive text overlays.

* The retrieved subjects and objects cover all the main sub-
jects and objects in the video.

* The background image, produced by an inpainting algo-
rithm, has successfully removed foreground objects with-
out generating new objects.

To increase data diversity, we select one clip from each
long video and collect 2,130 clips. Figure 4 shows an anno-
tated test sample.

Evaluation Metrics. An ideal personalized video output

should align with the text, preserve subject fidelity, and ex-

hibit natural video dynamics. Therefore, we use the follow-
ing five metrics:
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Figure 4. Test sample in MSRVTT-Personalization. We present a comprehensive video personalization benchmark. Our benchmark sup-
ports various modes, including face conditioning, single or multiple subjects conditioning, and foreground and background conditioning.

Table 1. Quantitative comparison on MSRVTT-Personalization. We compare Video Alchemist with state-of-the-art personalization
methods across multiple metrics, including text similarity (Text-S), video similarity (Vid-S), subject similarity (Subj-S), face similarity
(Face-S), and dynamic degree (Dync-D). The top and bottom tables show the evaluations for subject and face modes, respectively. 'For
text-to-image models, outputs are treated as single-frame videos without evaluating temporal quality. We evaluate Video Alchemist with
the videos at 512px x 288px resolution. We highlight the top two models for the single reference image setting.

Method Te.st—.tlm.e Reference Images
Optimization

Text-ST  Vid-ST  Subj-St  Dync-Dt
Subject  Background

ELITET [77] X single X 0.245 0.620 0.359 -
VideoBooth [32] X single X 0.222 0.612 0.395 0.448
DreamVideo [78] v single X 0.261 0.611 0.310 0.311
Video Alchemist X single X 0.269 0.732 0.617 0.466
DreamVideo [78] v multiple X 0.253 0.604 0.256 0.303
Video Alchemist X multiple X 0.268 0.743 0.626 0.473
Video Alchemist X multiple v 0.254 0.780 0.570 0.506
Test-time Reference Images .
Method o oo e Text-ST Vid-ST Face-ST Dync-D?T
Optimization Face Crop
IP—AdapteHL [85] X single 0.251 0.648 0.269 -
PhotoMaker' [38] X single 0.278 0.569 0.189 -
Magic-Me [45] v single 0.251 0.602 0.135 0.418
Video Alchemist X single 0.273 0.687 0.382 0.424
PhotoMaker [38] X multiple 0.275 0.582 0.216 -
Magic-Me [45] v multiple 0.248 0.618 0.153 0.385
Video Alchemist X multiple 0.272 0.694 0.411 0.402
o Text similarity [79]: cosine similarity between the CLIP Table 2. User preference study. We show the user preference

VIiT-L/14 [55] features of the text and the generated percentage for subject (left) and face modes (right), respectively.
frames. It measures how the generated video aligns with

Preference Ratio Preference Ratio

Method Method
the text prompt. L Quality Fidelity Quality Fidelity
* Video similarity [19]: average cosine similarity between =——wryr " o 10.4% B
e _ ELITE [77] 1% .6%  1P-Adapter [85] 4% 2%
the CLIP ViT-L/14 features of the ground truth and gen VideoBooth [32] 03%  08%  PhotoMaker [38] 37.5%  7.4%
erated frames. DreamVideo [78] 0.5% 0.5%  Magic-Me [45] 4.4%  4.0%

* Subject similarity: average cosine similarity between the Video Alchemist [96:5% 98:1% | Video Alchemist [47.6%  68:4%
DINO ViT-B/16 [7] features of the reference images and
the segmented subject of the generated frames. We seg- * Dynamic degree [30]: optical flow magnitude between
ment the subjects using Grounding-DINO Swin-T [40] consecutive generated frames. We compute the optical
and SAM ViT-B/16 [35]. flow using RAFT [67].

* Face similarity: average cosine similarity between the Ar- Note that video frames with missing subjects or faces
cFace R100 [16] features of the reference face crops and are assigned a similarity score of 0. The benchmark is
the generated face crops. We detect generated faces using publicly available at https://github.com/snap-
YOLOvV9-C [74]. research/MSRVTT-Personalization.

6104


https://github.com/snap-research/MSRVTT-Personalization
https://github.com/snap-research/MSRVTT-Personalization

“A bearded man in gray clothes brushes a brown horse

with a blue brush in a stable filled with boxes and

buckets, while the horse has o white spot on its head
and the man bears a tattoo on his left arm.”

“A womain th & room with white, red, and gray walls
and a gray shelf talks while wearing a pink shirt”

<
\.,Lj

=
5
=}
Q
m
o
Q
=
>

N
- .

1" ‘ /\,, Y

i

-L"/"'I;\ |
L TR

i

~ N

Video Alchemist DreamVideo [77]

§
4

Ground Truth

Figure 5. Qualitative comparison on MSRVTT-Personalization.
Compared to existing methods, our results closely match the input text prompt and reference subjects while exhibiting natural motion and
pose variations.

4.2. Comparisons with the State-of-the-Arts

In this section, we quantitatively and qualitatively compare
Video Alchemist with existing personalization models on
MSRVTT-Personalization.

Experimental Setups. We extensively compare vari-
ous personalization models, including text-to-image [38,
77, 85] and text-to-video models [32, 45, 78], as well
as optimization-based [45, 78] and encoder-based meth-
ods [32, 38,77, 85]. As existing methods use different types
of conditional images, we introduce two evaluation modes:
subject mode and face mode. Subject mode uses full sub-
ject images as input, while face mode uses only face crops.
For subject mode, we collect 1,736 test videos with a single
subject. For face mode, we collect 1,285 test videos with a
single person’s face crop.

For text-to-image models [38, 77, 85], we treat the out-
put images as single-frame videos. For optimization-based
models [45, 78], we use the default hyperparameters in the
official codebase for finetuning. For IP-adapter [85], we use
the checkpoint of IP-Adapter-FaceID+. If the model sup-
ports multiple reference images, we evaluate it with both

Video Alchemist

Ground Truth

We
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IP-Adapter [84]

PhotoMaker [37]

Magic-Me [44]

V| F A

use a single reference image to each model for a fair comparison.

single and multiple input images. We additionally evaluate
our model with an extra input of a background reference
image in the subject mode.
Quantitative Evaluation on MSRVTT-Personalization.
Table 1 shows the quantitative evaluation results. Compared
to the existing open-set personalization methods [32, 77,
78], Video Alchemist achieves higher subject fidelity, with
a 23.2% higher subject similarity than VideoBooth [32].
Meanwhile, our model achieves the best text alignment and
greatest video dynamics. Notably, our open-set model out-
performs face-specific models [38, 45, 85] in face fidelity,
achieving 11.3% higher face similarity than IP-adapter [85].
Moreover, Video Alchemist can generate the target sub-
ject or face with higher fidelity when provided with more
reference images, demonstrating the advantage of multi-
image conditioning. Furthermore, leveraging an extra back-
ground reference image, Video Alchemist can synthesize a
video more similar to the ground truth video, highlighting
the effectiveness of our background conditioning. How-
ever, more reference images sometimes lead to worse tex-
tual alignment, potentially due to the limited flexibility in-
troduced by more reference images.



Table 3. Ablation study for the subject mode. We use a single reference image for each model and examine three control factors. The
experiments are conducted on the videos at 256px x 144px resolution.

Method Image Encoder  Use Word Token  Image Augmentations  Text-ST  Vid-ST  Subj-ST  Dync-DT
Use CLIP CLIP [55] v v 0.269 0.768 0.569 0.552
No word token DINOv2 [50] X v 0.256 0.790 0.566 0.569
No augmentation DINOV2 [50] v X 0.251 0.781 0.609 0.506
Video Alchemist DINOv2 [50] v v 0.257 0.790 0.600 0.570

Qualitative Evaluation on MSRVTT-Personalization. In
Figure 5, we show videos generated by different methods
alongside the ground truth videos. More comparisons on
various conditional subjects can be found in Appendix C.3.
Compared to existing models, our method produces more
photorealistic videos with higher fidelity for target subjects.
Human Evaluation. To complement automated evaluation,
we conduct a user study to assess visual quality and subject
fidelity. We randomly select 200 test samples from the sub-
ject and face modes, respectively, and show the conditional
image and the results to 5 participants. For each sample,
participants are asked to select the one that best preserves
the subject details and has the best visual quality.

Table 2 summarizes the results. Our method signifi-
cantly outperforms the state-of-the-art methods in both vi-
sual quality and subject fidelity. Notably, the fidelity scores
reported by humans are positively correlated to the scores of
subject similarity and face similarity in Table 1, showcasing
the effectiveness of the proposed MSRVTT-Personalization.

4.3. Ablation Study

In this section, we present an ablation study with three train-
ing or architecture choices. The quantitative and qualitative
evaluations are shown in Table 3 and Figure 6, respectively.
Different Image Encoders. Inspired by Wu et al. [81], we
train the models with two image encoders, CLIP [55] and
DINOvV2 [50], and find that CLIP achieves better text sim-
ilarity, while DINOv2 performs better in subject similarity.
We hypothesize that DINOv2, trained with self-supervised
learning objectives, captures unique object features. In con-
trast, CLIP, designed to bridge visual and textual modalities,
focuses on details typically described in the prompt, which
can improve the text-image alignment.

Necessity of Binding Image and Word Concepts. In Sec-
tion 3.2, we propose a mechanism to bind the concepts of
images and the corresponding entity words. Without such
binding, the model may incorrectly apply image conditions
to the wrong subject. For example, the model places a ref-
erence human face on a dog as in the second row of Fig-
ure 6. This misalignment also results in missing subjects
and lower subject similarity.

Effect of Data Augmentation. In Section 3.3, we intro-
duce data augmentation to reduce model learning. Without
augmentation, the model suffers from the copy-and-paste
issue. Although this helps to achieve higher subject simi-
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“A woman smiles and looks at a dog
on a beach with waves Lapping.”

Use CLIP

Video Alchemist No augmentation No word token

to bottom, we show that 1) Video Alchemist achieves better sub-
ject fidelity using DINOvV2 [50] as the image encoder; 2) it cor-
rectly binds the conditional image and entity word with the usage
of word tokens; 3) it mitigates the copy-and-paste eftect and syn-
thesizes text-aligned videos via the proposed data augmentation.
The reference image is synthesized by DALL-E 3 [3].

larity, it degrades dynamic degree and decreases text sim-
ilarity. Specifically, although the prompt in Figure 6 is a
woman is smiling ..., the synthetic subject in the
third row does not smile. Instead, it replicates the same fa-
cial expression as in the reference image.

5. Conclusion

We have presented Video Alchemist, a video personaliza-
tion model that supports multi-subject and open-set per-
sonalization capabilities for both foreground objects and
background without requiring test-time optimization. It is
built on a Diffusion Transformer module that integrates con-
ditional images with their subject-level prompts through
cross-attention layers. With our dataset curation and data
augmentation, we have reduced model overfitting on un-
desirable properties of the reference images. In addition,
we have introduced a new benchmark for evaluating per-
sonalization models across various conditioning scenarios.
Experimental results show that our method outperforms ex-
isting methods in quantitative and qualitative measures.
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