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1 Reference Text Prompt: A man is drinking coffee in a café.

Figure 1. Saber is a zero-shot reference-to-video method trained only on video-text pairs. It preserves identity and appearance while
coherently integrating single/multiple references into videos guided by text prompts.

Abstract introducing Saber, a scalable zero-shot framework that re-
quires no explicit R2V data. Trained exclusively on video-
text pairs, Saber employs a masked training strategy and
a tailored attention-based model design to learn identity-
consistent and reference-aware representations. Mask aug-
mentation techniques are further integrated to mitigate
copy-paste artifacts common in reference-to-video gener-
ation. Moreover, Saber demonstrates remarkable general-

Reference-to-video (R2V) generation aims to synthesize
videos that align with a text prompt while preserving the
subject identity from reference images. However, current
R2V methods are hindered by the reliance on explicit refer-
ence image-video-text triplets, whose construction is highly
expensive and difficult to scale. We bypass this bottleneck by
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ization capabilities across a varying number of references
and achieves superior performance on the OpenS2V-Eval
benchmark compared to methods trained with R2V data.

1. Introduction

Reference-to-video (R2V) generation synthesizes videos
that align with a given text prompt while preserving the
identity and appearance of subjects in reference images.
This task represents a crucial step toward personalized
video generation, enabling applications such as customized
storytelling [33, 44, 53] and virtual avatars [11, 13, 36, 49].
Despite recent progress in text-to-video (T2V) and image-
to-video (I2V) generation [12, 15, 17, 22, 26, 42, 47, 50],
R2V remains uniquely challenging as it must simultane-
ously ensure semantic alignment with text and maintain
high-fidelity subject identity from the reference images.

Existing R2V methods [9, 10, 19, 20, 23, 27, 46, 52]
typically rely on constructing explicit R2V datasets (e.g.,
OpenS2V-5M [48] and Phantom-Data [7]) that contain
triplets of reference images, videos, and text prompts.
Building such datasets involves complex pipelines for data
collection, annotation, clustering and filtering, which are
costly and difficult to scale. Moreover, the limited diversity
of reference images in these datasets restrict generalization,
making it difficult to handle unseen subject categories.

We propose Saber, a scalable, zero-shot framework that
bypasses this data bottleneck. Saber is trained solely on
large-scale video-text pairs, the same data paradigm used
for T2V and 12V models. This design allows Saber to lever-
age abundant video-text datasets [5, 39, 43], completely
eliminating the need for bespoke R2V data construction.

To this end, our method introduces a masked training
strategy that uses randomly sampled and partially masked
video frames as reference images during training, where
the randomness of masking provides diverse reference con-
ditions and improves generalization across subject cate-
gories. This process compels the model to learn identity-
and appearance-consistent representations from the refer-
ence context, effectively simulating the R2V task without
R2V data. This strategy is complemented by a tailored at-
tention mechanism, guided by attention masks, which di-
rects the model to focus on reference-aware features while
suppressing background noise. To further enhance visual
fidelity and mitigate the copy-paste artifacts which is com-
mon in reference-to-video generation [10, 18, 27], we in-
tegrate a series of spatial mask augmentations, effectively
improving the visual quality of the generated videos.

Saber’s design is inherently scalable. It naturally sup-
ports a varying number of reference images (see Fig. | and
Fig. 4), without additional data preparation or modification
to the training pipeline, allowing for richer, multi-subject
customization. The stochasticity of the masked training
strategy also allows Saber to robustly handle multiple ref-
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erence views of the same subject (see Fig. 7).

We evaluate Saber on the OpenS2V-Eval [48] bench-
mark, where it consistently outperforms models [9, 10, 19,
20, 23, 27, 52] that were explicitly trained on R2V data.
In addition, by simply adjusting the masking ratio during
training, Saber can adapt to references depicting either fore-
ground subjects or background scenes (see Fig. 1).

Our contributions are summarized as follows:

We introduce Saber, the first zero-shot R2V framework
that eliminates the need for explicit R2V data through
masked training on video-text pairs.

Saber surpasses previous R2V-data-trained methods on
OpenS2V-Eval [48] and demonstrates strong generaliza-
tion and scalability, paving the way for future research in
scaling reference-to-video generation.

2. Related Work

2.1. Video Generation

The rapid progress of diffusion models [35] has greatly
advanced video generation. Early methods [2, 3, 14] ex-
tended pre-trained text-to-image models [32, 35] with tem-
poral modules to synthesize videos. More recently, large-
scale models based on Diffusion Transformer [31] and
trained on massive video-text datasets [5, 43] have achieved
state-of-the-art, high-fidelity video generation [4, 12, 22,
29, 30, 42, 45, 47, 50]. Despite these advances, existing
methods mainly focus on text-to-video and image-to-video
tasks. While fine-grained, subject-driven control, as re-
quired by reference-to-video generation, remains a signif-
icant challenge, the complex, costly data construction for
R2V datasets [27, 48] makes the large-scale training seen in
T2V and 12V infeasible.

2.2. Reference-to-Video Generation

Building on the progress of text-to-video and image-to-
video models [15, 17, 22, 42, 47], reference-to-video gen-
eration [18-20, 23, 27, 49] has seen significant advance-
ment. Early studies [6, 11,28, 36,49, 54] mainly focused on
human reference images, termed identity-preserving video
generation, where facial or body features are injected into
models to maintain identity consistency. Later, reference
images extended from humans to various objects and back-
grounds [18, 20, 27], allowing more flexible control. Some
works [27, 48] also refer to this task as subject-consistent or
subject-to-video generation, which is equivalent to R2V.
Representative works include Phantom [27], which
learns cross-modal alignment with a joint text-image injec-
tion model using image-video-text triplet data. VACE [20]
introduces a context adapter to process reference images
and enable temporal-spatial feature interaction within a uni-
fied framework. SkyReels-A2 [10] builds an image-text
joint embedding model to inject multi-element representa-
tions, balancing consistency and coherence. HunyuanCus-



tom [18] employs a LLaVA-based [25] fusion module and
an image ID enhancement module to strengthen multimodal
understanding and identity consistency. MAGREF [9] uses
region-aware masking and pixel-wise concatenation for ef-
fective multi-reference interaction. PolyVivid [19] adds a
3D-RoPE enhancement and attention-inherited identity in-
jection to reduce identity drift. BindWeave [23] leverages
an MLLM [1] to link complex prompts with visual subjects,
improving video generation quality.

However, a critical limitation unites these approaches:
these methods rely on explicit reference image-video-text
triplet datasets, which are costly and difficult to construct.
Datasets such as OpenS2V-5M [48] and Phantom-Data [7]
require complex construction pipelines, including candidate
extraction, low-quality sample filtering, sample clustering,
cross-pair matching, and expensive API calls for reference
image generation. Such processes result in uncontrolled
data quality, poor scalability, and high construction com-
plexity. In contrast, we propose a zero-shot R2V framework
trained solely on video-text pairs, achieving strong perfor-
mance on public benchmarks.

3. Preliminary

3.1. Video Generation Models

Video generation models [15, 17, 22, 42, 47] have achieved
remarkable progress and gained broad attention. Among
these, the Wan Video series (e.g., Wan2.1 [42]) is one of
the most popular open-source frameworks. Our method
builds on the Wan2.1-14B model [42], which consists of
a variational autoencoder (VAE) [21], a transformer back-
bone [31, 41] and a text encoder (i.e., umt5-xxI [8]). The
VAE encodes videos into temporally and spatially com-
pressed latents zg and decodes them back to pixel space,
reducing token count and computation. Wan2.1 trains the
diffusion model ¥ using Flow Matching (FM) [24], where
the forward process linearly interpolates between data and
noise. For a time step ¢ € [0, 1], Gaussian noise € ~
N(0,1) is added to z( to obtain z;, following z; = (1 —
t)zo + te. The model is optimized to predict the target ve-
locity with the following objective:

Lin = Eagee [[I(20 =€) = Wolzi, .3, (1)

where 6 denotes the learnable parameters of the diffusion
model ¥, and c represents the condition features derived
from the given text prompt and reference images.

3.2. Task Definition and Notations

Given K reference images {I; € RFx>Wix3 K  and a
text prompt P, the reference-to-video method generates a
video {I; € RHXWx3 }?:1 whose subjects preserve the
identities and appearances of those in the reference images
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while following the instructions in text prompt P. Here, Hy,
and W;, denote the height and width of the corresponding
k-th reference image Iy, while F', H, and W represent the
number of frames, height, and width of the generated video.

4. Method

Our goal is to train a diffusion model Wy capable of gen-
erating videos {I f}ff:l that preserve the identity and ap-
pearance of subjects in the given reference images {Ij, }1_,
while following the provided text prompt P. Previous
methods [18-20, 23, 27] rely on reference image-video-text
triplets, which are costly and hard to scale. In contrast,
Saber achieves R2V capabilities using only video-text pairs,
the same data paradigm used for T2V and 12V training.

Our core idea of Saber is to simulate the R2V task by re-
placing the explicitly collected reference images with ran-
domly masked frames during training. This masked train-
ing strategy is supported by two key components to enhance
robustness and visual quality: i) a series of mask augmen-
tations designed to mitigate copy-paste artifacts, and ii) a
tailored attention mechanism that guides the model to focus
on relevant reference features.

We first introduce the construction of masked frames
in Sec. 4.1, including mask generation and augmentation.
Next, we present the model’s architecture design in Sec. 4.2,
detailing the input format and transformer-based attention
mechanism. Finally, Sec. 4.3 describes the zero-shot R2V
inference process.

4.1. Masked Frames as Reference

A standard R2V model learns to extract identity and ap-
pearance features from reference images {I;}/_, and in-
ject them into the generated video {I f}le. However, ex-
isting R2V datasets [7, 48] mainly consist of humans and
common objects, leading to limited subject diversity and
poor generalization. To address this, instead of relying on
pre-collected reference images, we use randomly masked
frames as dynamic substitutes during training. This strat-
egy naturally introduces highly diverse reference samples,
allowing the model to learn more effective subject integra-
tion and achieve stronger generalization.

As shown in Fig. 2, for each k-th reference image Ij
randomly sampled from the video, we first use a mask gen-
erator to produce a binary mask M € {0, 1}*W. To
mitigate the copy-paste issue [27] in R2V tasks, we perform
mask augmentation to disrupt spatial correspondence be-
tween the masked references and their corresponding video
frames. Specifically, we apply an identical set of spatial
augmentations to both I, and My, producing I, and M.
The masked frame IAk is then obtained as ik =TI, © M,.
This process is repeated to create the full set of K masked
frames {ik} K| that serve as the reference condition.



Mask Frames as Ref.

Mask Generator

Figure 2. Masked reference generation. Given a video, the mask
generator produces diverse random masks, which are then applied
to each randomly sampled video frame with mask augmentation.

Mask Generator. We randomly select one mask type
from predefined shape categories (e.g., ellipse, Fourier blob,
convex/concave polygon, efc.) to generate a binary mask
M € {0,1}*W with a target foreground area ratio r €
[Fmin, Tmax)- Specifically, we first randomly select a fore-
ground center. To ensure that the generated mask meets the
desired foreground area ratio r, we define a continuous scale
parameter for each shape category, where the mask’s fore-
ground area increases monotonically with the scale. A bi-
section search over the scale is then performed to satisfy the
area ratio constraint. When pixel discretization prevents an
exact match, small topology-preserving adjustments are ap-
plied: “growth” dilates background boundary pixels, while
“shrinkage” erases background boundary pixels. This de-
sign ensures controllable foreground area ratios while main-
taining diversity in mask shapes. Several mask examples
are illustrated in Fig. 2 Top.

Mask Augmentation. We apply random affine transfor-
mations, including rotation, scaling, shear, translation, and
optional horizontal flip, to both the image I and its mask
M, ensuring the masked region remains fully inside the
frame. Transformation parameters are uniformly sampled
within predefined ranges and validated to avoid boundary
overflow. The same affine transformation is applied to the
image and mask using bilinear and nearest-neighbor inter-
polation, respectively.

The reference code of the mask generator and augmen-
tation are provided in the supplementary materials.

4.2. Model Design

After obtaining the masked frames {I;}/< as reference
images, we detail our model design for the R2V task. We
adopt a simple yet effective input format by concatenating
reference images along the temporal dimension at the end
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Figure 3. Model design overview. Masked frames serve as ref-
erence images and are concatenated to the video tokens in latent
space. Self-attention enables interaction between video and ref-
erence tokens under the attention mask, while cross-attention in-
corporates text guidance for semantic alignment. The VAE, text
encoder, and timestep components are omitted for clarity.

of the target video frames in latent space. This allows the
model to manage the interaction between the target video
latents and reference latents through the attention mecha-
nism in each transformer block.

Input Format. Given a video-text pair {Iy}}_, and P,

and the masked frames {ik}le as reference images, we
use the VAE to encode the video from pixel space into la-

c thwxd}fz“ )
f=1

F = |(F—1)/4] 41, where 4 is the temporal compression
ratio of the Wan2.1 VAE [42], h, w, and d denote the height,
width, and feature dimension of the video latent, respec-
tively. We obtain z; with time step ¢ following Sec. 3.1. For
the reference images, we individually encode each I, using
the VAE to obtain z.f = {zx € RMW*41 K Accord-
ingly, each M, is resized to match the latent space resolu-
tion, producing ms = {my, € {0, 1}h><w><4}£(:1’ where
0 indicates non-reference and 1 indicates reference region.
The transformer input z;, is defined as in Eq. 2:

tent space, obtaining zg = {z F Here,

cat [ ] temporal

Z Zyef
Zij, = cat Cat[ Myero  Myef ]tempora] , 2
cat [ Zyero Zef ] temporal channel

where cat[]emporar and cat[-]channel denote concatenation
along the temporal and channel dimensions, respectively.
Z,er0 18 the VAE-encoded latent of a zero-value video, and



Table 1. Quantitative results on the OpenS2V-Eval [48] benchmark. Saber outperforms both closed-source and explicitly trained
R2V methods, achieving the highest overall score in a zero-shot setting. It also attains the best NexusScore for subject consistency and

competitive performance on GmeScore and NaturalScore.

Method Total Score T Aesthetics  MotionSmoothness T MotionAmplitude  FaceSim T GmeScore T NexusScore ! NaturalScore 1
Closed-source commercial R2V methods
Pika2.1 [38] 51.88% 46.88% 87.06% 24.71% 30.38% 69.19% 45.40% 63.32%
Vidu2.0 [40] 51.95% 41.48% 90.45% 13.52% 35.11% 67.57% 43.37% 65.88%
Kling1.6 [37] 56.23% 44.59% 86.93% 41.60% 40.10% 66.20% 45.89% 74.59%
Explicit R2V data-based training methods
SkyReels-A2 [10] 52.25% 39.41% 87.93% 25.60% 45.95% 64.54% 43.75% 60.32%
MAGREEF [9] 52.51% 45.02% 93.17% 21.81% 30.83% 70.47% 43.04% 66.90%
Phantom-14B [27] 56.77% 46.39% 96.31% 33.42% 51.46% 70.65% 37.43% 69.35%
VACE-14B [20] 57.55% 47.21% 94.97% 15.02% 55.09% 67.27% 44.08% 67.04%
BindWeave [23] 57.61% 45.55% 95.90% 13.91% 53.71% 67.79% 46.84% 66.85%
Zero-shot R2V methods
Saber (Ours) 57.91% 42.42% 96.12% 21.12% 49.89% 67.50% 47.22% 72.55%

My 1S an all-zero mask, both shaped to match the tem-
poral dimensions of the video part. Note that z.; remains
noise-free to preserve accurate conditioning.

Attention Mechanism. After obtaining the transformer
input z;,, we encode the text prompt P into text features
zp and jointly feed them, along with the time step ¢, into
the transformer. Each transformer block consists of a self-
attention, cross-attention, and feed-forward (FFN) modules.

In self-attention, the video and reference parts of zj, in-
teract with each other. To avoid attending to non-reference
regions, each M, is resized to match the flattened latent
shape to form an attention mask, where video tokens are bi-
directionally attended, and only valid reference regions are
attended in the reference part.

The self-attention output is then passed to the cross-
attention module to interact with zp. Here, video tokens
are guided by the text prompt, while reference tokens learn
their semantic alignment, enabling the integration of refer-
ence image information under textual constraints. The FFN
module refines the results, with the time step ¢ injected into
the latents for the control of the time step. After multiple
transformer blocks, the transformer model outputs the pre-
dicted latent z;_;. The model design is shown in Fig. 3.

4.3. Zero-Shot Inference

In this section, we present the approach that enables the
model trained with masked frames to perform zero-shot
R2V inference. During inference, for each reference im-
age I, we first use a pre-trained object segmenter [34, 51]
to extract the foreground subject region mask Mj. We then
normalize the reference image I, to the range of [—1, 1] and
fill the masked background regions with zeros (color gray).
Notably, this segmentation step is flexible. If a reference
image is intended to provide a background scene rather than
a foreground subject, segmentation is skipped. In this case,
we use the full, unmasked reference image and an all-ones
mask My, treating the entire image as the reference region.

Both I, and M, are processed by a resize-and-padding
operation, which scales Ij, from its original size (Hy, W)
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to fit within the target video size (H, W) while preserving
the aspect ratio and pads the remaining area with zeros to
produce a centered reference image of size (H, W). Finally,
the processed reference image and mask are fed into the
model following the input format in Sec. 4.2 and are used
for prediction following the Wan inference pipeline [42].

5. Experiments

5.1. Datasets, Metrics and Implementation Details

Datasets. Benefiting from the masked training strategy,
Saber is trained exclusively on video-text pair datasets, en-
abling the use of data from T2V and 12V sources. Specifi-
cally, we employ the ShutterStock Video [39] dataset and
generate captions for all video clips using Qwen2.5-VL-
Instruct [1], thus constructing the corresponding video-text
pairs for training.

Metrics. To ensure fair comparison, we adopt the
OpenS2V-Eval [48] benchmark and follow its official proto-
col for fine-grained evaluation of reference-to-video gener-
ation. The benchmark contains 180 prompts across seven
categories, spanning single-reference (face, human, en-
tity) and multi-reference (multi-face, multi-human, human-
entity) scenarios. We report automated metrics where
higher scores indicate better performance, including Aes-
thetics for visual quality, MotionSmoothness for temporal
coherence, MotionAmplitude for motion magnitude, and
FaceSim for identity preservation. In addition, we use
three OpenS2V-Eval metrics, NexusScore, NaturalScore,
and GmeScore, which measure subject consistency, natu-
ralness, and text-video alignment, respectively.

Implementation Details. Saber is finetuned from the
Wan2.1-14B [42] model using our proposed masked train-
ing strategy on video-text pair datasets. For the mask
generator, we adopt a probabilistic sampling strategy for
the foreground area ratio r: with 10% probability, we set
r € [0,0.1] to simulate minimal and no reference informa-
tion, enabling the model to handle varying numbers of refer-
ence images; with 80% probability, we set r € [0.1,0.5] to



The video captures a group of women gathered in a cozy
living room, engaging in a celebratory event.... The women
18 are exchanging gifts, with one woman in a red dress holding
} a gift box while others reach out to take theirs....

The video features a man with a rugged beard, wearing a leather jacket,
riding a vintage motorcycle along a desert highway. His expression is
focused, eyes narrowed slightly against the wind, as the setting sun casts a
warm glow over the landscape....

Reference

Kling1.6

VACE Phantom

Saber (Ours)

The video begins with a bow! filled with vibrant citrus fruits, resting on a : The video shows a table
|| rustic wooden table. A hand reaches into the frame, gently picking up a fruit, £ setting with a floral cup, an
" causing the others to shift slightly in the bowl. As the fruit is lifted, the M - “r ashtray and an open book,

camera follows the motion, highlighting the fresh, glossy skin of the citrus.... as a stream of tea is slowly
poured into the cup.

Reference

Kling1.6

VACE Phantom

Saber (Ours)

Figure 4. Qualitative comparison with existing R2V methods. We compare Saber with Kling1.6 [37], Phantom [27], and VACE [20]

across four scenarios: single/multiple human and object references. Saber accurately preserves subject identity and appearance, integrates
multiple references coherently, and generates smoother, more visually consistent videos.

represent typical primary subjects; and with the remaining types of methods: closed-source commercial R2V meth-
10% probability, we set r € [0.5,1.0] to help the model ods, explicitly trained R2V methods, and our zero-shot
learn from large reference images or background scenes. R2V approach. Compared with the closed-source commer-
For mask augmentation, we randomly apply rotation within cial method Klingl.6 [37], our model achieves a 1.68%
[—10,10] degree, scaling in the range [0.8,2.0], horizon- higher total score. Among methods trained on explicit R2V

tal flipping with 50% probability, and shearing within datasets, our method surpasses Phantom [27] by 1.14%,
[—10, 10] degree. We found these augmentations to be em- VACE [20] by 0.36%, and BindWeave [23] by 0.30%.

pirically effective at overcoming copy-paste artifacts. We While these methods rely on costly explicit R2V datasets
train our model with the objective defined in Eq. 1, using that are difficult to scale, our approach uses only text-video
the AdamW optimizer with 1e~® learning rate and a global pairs with a masked training strategy, achieving the best
batch size of 64. During inference, we use BiRefNet [51] to overall performance in a zero-shot setting.

segment the foreground subjects from the reference images.
Following the standard setting of Wan2.1 [42], we generate
videos with 50 denoising steps and a CFG [16] guidance
scale of 5.0.

Among all sub-metrics, NexusScore best represents R2V
performance by measuring subject consistency. Saber
achieves the highest NexusScore, exceeding Phantom by
9.79%, VACE by 3.14%, and BindWeave by 0.36%. This
shows that the masked training strategy effectively learns

5.2. Quantitative Results . . . .
subject features from video-text pairs in a zero-shot setting,

We follow Yuan et al. [48] and conduct a comprehen- outperforming all R2V-data-based models. Our method
sive evaluation on OpenS2V-Eval [48] benchmark, with also achieves competitive results on GmeScore (text-video
the results presented in Tab. 1. The table compares three alignment) and NaturalScore (video naturalness).
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Table 2. Ablation study. i) Masked training outperforms training
on the OpenS2V-5M [48] (w/o masked training), demonstrating
the advantage of the masked training strategy. ii) Using only a
single mask type reduces total score, while combining all types
performs best, showing the importance of mask diversity. iii) Fix-
ing the foreground area ratio (r = 0.3) leads to a further drop,
indicating limited mask variation harms generalization.

Method Total Score T GmeScore T NexusScore T NaturalScore T

Saber 57.91% 67.50% 47.22% 72.55%
w/o masked training 56.24% 67.27% 45.33% 70.19%
ellipse only 54.56% 67.98% 40.28% 72.54%
fourier only 56.33% 67.25% 44.82% 72.46%
polygon only 56.49% 67.41% 45.24% 72.21%
fixedr = 0.3 51.73% 67.12% 39.20% 69.55%

5.3. Qualitative Results

We further conduct a qualitative comparison between Saber
and other methods (Klingl.6 [37], Phantom [27] and
VACE [20]) across various visual scenarios, as shown in
Fig. 4. 1) In the top-left (single human reference), both
Kling1.6 and Phantom fail to embed the reference subject
into the generated video, leading to inconsistent facial ap-
pearances. VACE suffers from a copy-paste issue, directly
overlaying the face from the reference image. In contrast,
Saber generates a video with a consistent and text-aligned
facial identity. 1ii) In the bottom-left (single object ref-
erence), Klingl.6 produces a bowl with an incorrect leg
structure, while Phantom and VACE fail to capture both
the shape and appearance of the bowl from the reference.
In contrast, our method, benefiting from the rich diversity
of masked frames during masked training, accurately in-
tegrates the bowl’s shape and appearance into the gener-
ated video. iii) In the top-right (multiple human references),
Kling1.6 embeds only one subject, Phantom duplicates the
same identity twice, and VACE fails to inject facial informa-
tion from the references. In contrast, Saber incorporates all
three subjects and generates a coherent, natural video. iv)
In the bottom-right (multiple object references), Klingl.6
produces incorrect patterns on the cup, while Phantom and
VACE generate correct cup textures but omit the ashtray,
with VACE also showing temporal discontinuity. Saber, on
the other hand, generates all referenced objects correctly
and maintains smooth, consistent video quality.

5.4. Ablation Study

We conduct a series of ablation studies to analyze the key
components of Saber, including the masked training strat-
egy, mask generator, mask augmentation, and attention
mask in the attention mechanism.

The Effect of Masked Training. To evaluate the effect of
masked training, we finetune our model on the OpenS2V-
SM [48] dataset using the same architecture. As shown in
Tab. 2, masked training improves the total score by +1.67%,
indicating that it strengthens subject representation learning
and reduces overfitting to specific reference cues.
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The video shows a t-shirt lies on a sunlit rock, its fabric fluttering in the
breeze as the camera moves from close-up texture details to a wide view
of the surrounding mountain trail. As the camera pulls back, the serene
mountain landscape unfolds, with distant trees and a winding trail....

Reference

w/ Mask Aug.

w/o Mask Aug.

Figure 5. Effect of mask augmentation. Without mask augmen-
tation, the model shows copy-paste artifacts by directly copying
reference content. Applying augmentation enables more natural
and coherent video generation.

The video shows sunglasses rest on a sunlit beach towel,
subtly shifting in the breeze as the camera moves from
close-up details to a wide view of the sandy beach and

distant waves. The camera pulls back, revealing the
beach and the waves gently crashing in the distance....

Reference

e B I [ |
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w/ Attn Mask

w/o Attn Mask

/
The video begins with a close-up of a clock ticks on a
g ox weathered train-station wall as the camera moves from
$ o its worn details to a wider view filled with distant train
k] \’9 sounds and aged surroundings. The wall behind it shows

signs of age, with chipped paint and faded bricks....

w/ Attn Mask

w/o Attn Mask

Figure 6. Effect of the attention mask. Removing the attention
mask introduces gray artifacts around subjects, while applying it
ensures clean separation from the gray background and smoother,
more natural video results.

The Effect of Mask Generator. In Tab. 2, we first an-
alyze the mask type by training the model using only one
type at a time. Using only ellipse, Fourier, or polygon
masks reduces total score by 3.35%, 1.58%, and 1.42%,
respectively, whereas combining all types yields the best
results, showing that mask diversity is crucial for masked
training. We also fix the foreground area ratio r to 0.3,
which leads to a 6.18% drop, indicating that restricting
mask variation limits generalization.

The Effect of Mask Augmentation. We evaluate the ef-
fect of mask augmentation by training the model with and
without it. As shown in Fig. 5, without augmentation, the
model exhibits severe copy-paste artifacts, directly placing
the T-shirt upright on the rock. With augmentation (rotation,
scaling, flipping, and shearing), the T-shirt naturally lies on
the rock surface, resulting in more realistic and coherent
compositions. This demonstrates that geometric diversity
in masking is crucial for natural video generation.



The video opens with a slow, cinematic rotation around a robot, its
body gleaming with a fusion of transparent panels and brushed

| metal, circuits pulsing faintly beneath the surface like living veins of
light. As the rotation completes, the scene flows into motion,
following the robot as it strides along lush green country lanes.

Reference

Saber

Figure 7. Qualitative results on multiple reference images of
the same subject. Given the front, side, and back views of a robot
as reference, Saber correctly recognizes them as the same sub-
ject and integrates multi-view appearance features into a coherent
video, accurately preserving fine structural and surface details.

The Effect of the Attention Mask. Finally, we exam-
ine the role of the attention mask in our attention mecha-
nism, which constrains reference-video token interaction.
As shown in Fig. 6, removing the attention mask intro-
duces visible gray artifacts around the subject regions, as
the model fails to correctly extract subjects from masked
reference images (e.g., gray areas behind sunglasses or
clocks). Incorporating the attention mask effectively re-
solves these issues, leading to cleaner subject separation,
smoother blending, and improved overall video quality.

5.5. Emergent Abilities

In this section, we explore several interesting capabilities of
Saber that emerged from its training strategy, demonstrating
robustness beyond the standard R2V task.

Single Subject Multiple Views. We test Saber’s ability to
handle multiple reference images corresponding to different
views of the same subject. As shown in Fig. 7, we use the
front, side, and back views of a robot as reference inputs to
Saber. The results show that Saber successfully understands
that all reference images depict the same subject (the robot)
and integrates the appearance feature from different views
into a single coherent video subject. Despite the robot’s
complex surface details and wiring structure, Saber accu-
rately captures and synthesizes these visual characteristics
into the generated video.

Cross-modal Alignment. We also evaluate the model’s
alignment between reference images and text prompts by
swapping subject descriptions and observing the corre-
sponding video changes. As shown in Fig. 8, when alter-
ing prompts such as “a man wearing a blue shirt seated”
(Type 1) and “a man wearing a black vest seated” (Type 2),
Saber correctly aligns subjects with their descriptions. Sim-
ilarly, when swapping the positions of a man and woman in
the second case, the model accurately reflects the change.
This demonstrates that, as described in Sec. 4.2, the in-
teraction between video and reference tokens through self-
attention, followed by cross-attention with text prompt fea-
tures, enables robust reference image-text alignment.
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The video depicts two men in an office environment. The focus is on a man
wearing a [Type 1: blue shirt / Type 2: black vest] seated at a desk, working
intently on a laptop. Another man enters the scene, walking towards the
seated individual. As he approaches, he leans over the desk, engaging in
conversation with the seated man.

Reference

Type1

Type 2

The video opens with a serene outdoor setting in a forest, featuring a green
tent and two individuals seated on a log. The individuals are dressed casually,
with [Type 1: left / Type 2: right] person wearing a white tank top and
patterned shorts, and [Type 1: right / Type 2: left] person in a plaid shirt and
dark pants. They appear to be engaged in a relaxed conversation.

Reference

Type1

Type 2

Figure 8. Qualitative results of cross-modal alignment between
reference images and text prompts. By swapping subject de-
scriptions in the prompts (e.g., clothing color or subject posi-
tions), Saber accurately reflects the corresponding visual changes,
demonstrating robust alignment between reference images and
textual descriptions through its attention mechanisms.

6. Conclusion

In this work, we present Saber, a scalable zero-shot frame-
work for reference-to-video generation that eliminates the
need for explicitly R2V datasets. Trained solely on large-
scale video-text pairs, Saber leverages a masked training
strategy, a tailored attention mechanism, and mask aug-
mentation to achieve identity-consistent, natural, and co-
herent video generation. It further scales to multiple ref-
erences, supporting both multi-identity and multi-view in-
puts without additional data preparation or changes to the
training pipeline. Extensive experiments on the OpenS2V-
Eval benchmark demonstrate that Saber consistently outper-
forms methods trained on explicit R2V data. These results
show that effective R2V models can be trained without ded-
icated datasets, paving the way for future research in scal-
able and generalizable reference-to-video generation.

Limitations. While Saber achieves strong zero-shot per-
formance and scalability, several limitations remain. First,
R2V generation may collapse when the number of reference
images increases significantly (e.g., 12), resulting in frag-
mented compositions where references are combined with-
out coherent understanding. Second, Saber primarily fo-
cuses on identity preservation and visual coherence, while
fine-grained motion control and temporal consistency un-
der complex prompts remain challenging. Future work can
explore more effective integration of numerous reference
images into unified video generation, as well as adaptive
guidance to further improve controllability and realism in
reference-to-video generation.
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