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Abstract. Subject-driven video generation (SDV-Gen) aims to produce
videos of a specific subject by adapting a pretrained video model, en-
abling personalized and application-driven content creation. To achieve
this goal, per-subject tuning methods require approximately 200 A100
GPU hours to generate a customized video, whereas zero-shot meth-
ods avoid per-subject tuning but typically rely on millions of subject-
video pairs for the supervision, incurring massive network fine-tuning
costs (10K—200K A100 GPU hours). We propose a data- and compute-
efficient zero-shot SDV-Gen framework that avoids test-time per-subject
tuning and the use of large-scale subject-video pairs. Our key idea de-
composes SDV-Gen into (i) identity injection learned from subject-image
pairs and (ii) motion-awareness preservation maintained by a small set
of arbitrary videos. We optimize the two tasks with stochastic switching,
using random reference-frame sampling and image-token dropout to pre-
vent trivial first-frame copying. Our gradient analysis shows that the two
objectives rapidly evolve toward nearly orthogonal update subspaces, ex-
plaining the stable optimization. Using CogVideoX-5B, we adapt a single
model with 200K subject-image pairs and 4,000 arbitrary videos in 288
A100 GPU hours. This yields about 1% of compute compared to prior
zero-shot baselines (i.e., 0.4% of VACE and 2.8% of Phantom) while us-
ing no subject-video pairs, yet remaining competitive in subject fidelity
and motion quality. We show that the same recipe transfers to Wan
2.1-1.3B and Wan 2.2-5B.

Keywords: Zero-Shot - Video Customization - Video Personalization -
Subject-Driven Video Generation

1 Introduction

Recent advances in video diffusion models [4,23}|48]56] have expanded control-
lable text-to-video (T2V) synthesis and video customization, enabling condition-

$Work done during internship at Microsoft Research Asia.
fCorresponding authors.


https://orcid.org/0000-0003-2223-8063
https://orcid.org/0009-0007-5978-5235
https://orcid.org/0000-0001-6883-3920
https://orcid.org/0000-0001-7627-3513
https://orcid.org/0000-0002-4693-2968
https://orcid.org/0000-0001-5541-409X
https://orcid.org/0000-0003-0939-474X

2 D. Kim et al.

Fig. 1: Our results. We extend video generation models to enable zero-shot subject-
driven video generation (SDV-Gen). We use small datasets and compute for the su-
pervision. (First row) Results of extended CogVideoX-5B [56] supervised with 200K
subject-image pairs and 4,000 arbitrary videos. (Second row) The same model ex-
tended with only 4,000 subject-image pairs and 4,000 videos. (Third row) Results of
extended Wan 2.2-5B [48] with 200K subject-image pairs and 4,000 arbitrary videos.

ing on signals such as keypoints, edges, and reference images [1, 26, 33, 46, 57].
Building on this progress, subject-driven video generation [27,29, 52,53, 60, 63]
(also known as subject-to-video customization or video personalization, i.e.,
SDV-Gen) seeks to synthesize videos that preserve a target subject's identity
while allowing variations in scene, motion, and context, an ability essential for
customized content creation. In practice, this is typically achieved by adapting

a pretrained T2V backbone to the target subject.

Early SDV-Gen approaches ne-tune a separate model or LoORA per sub-
ject [7,43,52,55], limiting scalability. More recent methods train a single model
that generalizes to unseen subjects [12,25,27,29,30,34,60], through training with
large-scale subject-video pairs, but this implicitly assumes that both identity
and motion-awareness must be learned from subject-video pairs. More impor-
tantly, these zero-shot methods rely on large subject-video datasets and substan-
tial compute (Table 1; 10K 210K A100 GPU-hours for VACE [30] and Phan-
tom [34]), raising the barrier to entry in this eld. Reducing dependence on
subject-video pairs and lowering computational cost are thus crucial for making
subject-driven, customized video generation more accessible.

A potential alternative is to learn identity from subject-driven image gener-
ation (SDI-Gen) data (i.e., subject-image pairs) while inheriting motion priors
from the pretrained T2V backbone. In principle, subject-image pairs provide
strong identity cues, whereas the backbone encodes motion priors (i.e., temporal
dynamics) from large-scale pretraining. However, naive ne-tuning on subject-
images pairs severely degrades inter-frame temporal coherence, often causing
motion to collapse into inconsistent dynamics or near-static (frozen) movement.
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Table 1: Comparison of subject-driven video generation methods. We com-
pare per-subject tuning methods' required inputs and per-subject tuning time, along
with zero-shot methods' dataset size and required netuning time.

Per-subject Tuning Zero-shot Required Inputs Base Model (Param.) A100 hours
CustomCrafter [55] 7 200 regularizing imgs per subject VideoCrafter2 [9] (1.4B) 200*
Still-Moving [7] 7 Few reference images + 40 videos Lumiere [3] (1.2B)

Zero-shot Methods  Zero-shot Dataset Size Base Model (Param.) A100 hours
VideoBooth [29] 4 48,724 subject-video pairs SD-based VDM [22,42] (1.08B)  7751,938*
VACE [30] 3 53M source videos LTX [20] & Wan [48] (1.314B) 70K 210K ?
Phantom [34] 3 1M subject-video pairs Wan [48] (1.3 14B) + Seed [49] 10K 30K *?

. - 2,000/4,000 subject-image pairs .
- Vi X B 2
oustmmml 2 + 4000 arbitrary videos Coavdeox fRIE®) A =
ours 3 200K subje(.:t—|mag.e pairs CogVideoX [56] (5B) 288
+ 4,000 arbitrary videos & Wan [48] (2.1-1.3B, 2.2-5B)

Total GPU hours.  ?Estimated from reported batch sizes and wall-clock training time. Please see
the supplement for details.

This suggests that identity and motion modeling interfere with each other, indi-
cating that treating SDV-Gen as a single objective has a fundamental issue.

We consider subject adaptation into two complementary components: iden-
tity injection from subject-image pairs and motion-awareness preservation from
a small set of arbitrary videos. Based on this, we propose to use a stochastic
task-switching schedule that alternates between these objectives, predominantly
sampling subject-image pairs while using arbitrary videos only to maintain tem-
poral coherence. This separation allows identity and motion to be learned from
di erent types of data sources, avoiding the collapse observed in naive SDI-Gen
ne-tuning and removing the need for subject-video pairs.

Across CogVideoX-5B [56], Wan 2.1-1.3B and Wan 2.2-5B [48], we observe
that the con ict between the two gradients from the two-objectives diminishes
rapidly and becomes nearly orthogonal, leading to zero-shot SDV-Gen result as
in Figure 1. To understand why this two-objective training remains stable under
task switching, we analyze the gradients of the two objectives during ne-tuning.
The gradient analysis suggests that identity and motion updates concentrate on
largely disjoint parameter subspaces, reducing interference.

This yields a data- and compute-e cient recipe to extend a T2V backbone
into a zero-shot (i.e., tuning-free at test time) SDV-Gen model without subject-
video pairs. We ne-tune CogVideoX-5B on 200K subject-image pairs and 4,000
Pexels videos [31] for 4,000 steps (288 A100-hours), using 1% of the compute
(2.8% of Phantom [34]; 0.4% of VACE [30]. See supplement Sec. F for the detailed
cost computation.) while remaining competitive. By showing that SDV-Gen can
be learned with substantially less computation than prior baselines, we outline a
practical path toward scalable video customization. Our approach even applies in
a strong low-data regime (4,000 subject-image pairs with 4,000 arbitrary videos)
and transfers to Wan 2.1-1.3B and Wan 2.2-5B.

Our contributions are summarized as follows:
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We introduce a recipe to extend T2V models into a compelling zero-shot
subject-driven video generation framework. We separate identity injection
from motion preservation, enabling training without any subject-video pairs.
We provide a gradient analysis showing that the identity and motion-aware
objectives update independent parameter subspaces, explaining why the pro-
posed formulation remains stable without subject-video pairs.

We ne-tune multiple T2V backbones using only 200K subject-image pairs
and 4,000 arbitrary videos, trained for 288 A100-hours, which is 1% of com-
pute compared to other zero-shot baselines.

2 Related Work

2.1 Subject-driven Image Generation

Di usion models have substantially advanced text-to-image synthesis [11,17,42],
and extensive work studies how to inject novel subjects while preserving iden-
tity. Early approaches introduce explicit spatial control (e.g., pose or edge guid-
ance) [39, 62]. More recent methods employ cross-attention-based visual en-
coders such as IP-Adapter and SSR-Encoder [57, 64], as well as personaliza-
tion techniques including DreamBooth [43], Textual Inversion [19], CustomD-

i usion [32], DisenBooth [10], and subsequent multi-subject or zero-shot vari-
ants [5, 16, 35,47,51, 61]. These methods typically learn subject-speci c repre-
sentations from subject-image pairs, enabling subject-driven image generation
(SDI-Gen). We follow this line by using subject-image pairs (Subject-200K from
OminiControl [46]) as the primary source of identity supervision, and addition-
ally leverage a small number of arbitrary videos to preserve temporal coherence.

2.2 Subject-driven Video Generation

Subject-driven video generation (SDV-Gen) extends SDI-Gen to the temporal
domain. Per-subject tuning methods such as DreamVideo [52], MotionBooth [54],
Still-Moving [7], and CustomCrafter [55] and DualReal [50] adapt a model (or
LoRA) for each identity, incurring non-trivial test-time compute per subject. In
contrast, zero-shot approaches including VideoBooth [29], Concept-Master [27],
DreamVideo-2 [53], MagicMirror [63], ID-Animator [21], and Consis-ID [60] train

a single model but often rely on subject-video pairs and may target restricted
domains (e.g., faces). Large-scale DiT-based systems such as VACE [30], Phan-
tom [34], HunyuanCustom [25], and VideoAlchemist [12] further improve quality
by training on million-scale datasets (e.g., Phantom-Data [13] and OpenS2V-
Nexus [59]), but require substantial compute budgets (Table 1). In contrast, we
study a data- and compute-e cient alternative that avoids subject-video pairs
during adaptation by decomposing identity learning and motion preservation,
adapting pretrained backbones using subject-image pairs and a small set of ar-
bitrary videos. We demonstrate e cient zero-shot SDV-Gen on modern video
di usion backbones, such as CogVideoX-5B [56] and Wan 2.2-5B [48].
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2.3 Multi-task Optimization

Our approach trains a single model with two objectives: (1) identity injection
on subject-image pairs and (2) motion preservation on arbitrary videos. This
relates to multi-task learning, where gradient con icts can hurt performance.
Methods such as Gradient Surgery [58] mitigate interference by modifying up-
dates. Related issues such as catastrophic forgetting [37] motivate continual
learning approaches that revisit past samples via memory bu ers [6, 36] or re-
play [18, 38,41, 44]. In contrast, since we keep a xed, small pool of videos,
we proposed to adopt a lightweight stochastic task-switching schedule between
subject-to-image and image-to-video updates. This design is computationally
more e cient than Gradient Surgery and continual learning approaches because
it updates a single objective per step, avoiding the simultaneous computation
of multiple task gradients, explicit gradient projections, and memory expansion.
We analyze training dynamics and show that gradient con ict diminishes rapidly.
This supports stable optimization under limited data and compute.

3 Method

3.1 Preliminaries

We ne-tune a pretrained diusion
transformer (DiT) [40] for zero-shot
subject-driven video generation. We in-
stantiate our framework with CogVideo
X-5B [56] and show that the same adap-
tation recipe transfers to Wan 2.1-1.3B
and Wan 2.2-5B [48].

At each denoising step, the back-
bone processes noisy visual tokens X 2
RNd  and text tokens C;r 2 RMY  that
share embedding dimension d. Each
block applies LayerNorm followed by an
attention operation that updates the vi-
sual tokens X under text conditioning
from C+, with spatial and temporal po-
sitions encoded by ROPE [45] on the vi- Fig.2: Dual-task learning strategy.
sual tokens, X; X i R(;j). The We formulate SDV-Gen as a dual-task
text conditioning is realized as joint problem: (i) identity injection (bottom)
multi-modal attention over the concate- from subject-image pairs, and (i) motion-
nated sequence [X;G] in CogVideoX awareness preservation (left) using arbi-
and as cross-attention from X to Cr in trary_videos via stochastically switched
the Wan family, and our adaptation is '€2™Mng-
agnostic to this choice.

Because attention cost scales quadratically with the number of tokens, video-
centric ne-tuning is substantially more expensive than image-only training. Our



6 D. Kim et al.

Fig. 3: Training and Inference Details. Left: During training, we stochastically
alternate between two objectives: identity injection using subject-image pairs and
motion-awareness preservation using a small set of arbitrary videos. Right: At in-
ference time, no additional per-subject tuning is required. The model generates a video
conditioned on the reference image and text prompt in a zero-shot manner.

goal is to adapt the backbone without any subject-video pairs by using subject-
image pairs as the primary identity supervision and a small set of arbitrary
videos to preserve temporal dynamics.

Let Dimg denote a dataset of subject-image pairs f(lef; | out ); P9, Where |
and |,y depict the same subject under di erent poses, viewpoints, or contexts,
and P is the text prompt. Let D ,jqy denote a text-video dataset f(P,iq;V)g,
where Rjq is the text prompt and V is the corresponding video. We de ne two
training objectives, Limg = L subjectimage (I ref; 1 out ; P) for identity injection and
Lvia =L textvideo (Pvia; V') for motion-awareness preservation. The corresponding
gradients are Gng =r Limg and gig =r Lyg With respect to the trainable
parameters .

3.2 Dual-Task Formulation

We formulate a dual-task problem (Figure 2): (i) identity injection from subject-
image pairs to learn subject appearance, and (ii) motion-awareness preservation
from arbitrary videos. We optimize via stochastic task switching (Figure 3). At
each iteration, we draw u U(0;1) and select:

Lvig; ifu<p;
Limg; otherwise:

L total —

)

yielding expected update E[g] = (1 P)Jimg + P 9via - We use p = 0:2, so 80% of
updates come from subject-image pairs and 20% from arbitrary videos during
ne-tuning. p is chosen empirically. We demonstrate more in detail in supple-
mentary material.
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3.3 Identity Injection with Subject-Image Pairs

Following OminiControl [46], given subject-image pairs (lief;lout) Of the same
subject and prompt P, we encode Xef = VAE(l ref), Xouwt = VAE(l out), C1 =
T5(P), and train MM-DIT for X o4 conditioned on (X,e; Ct). For single-frame
input, we truncate ROPE embeddings to match the token count of one frame.

We apply LORA [24] to a subset of attention and normalization layers that in-
teract with reference-image tokens, while keeping the rest of the backbone frozen.
To anchor identity in the conditioning stream, we prepend a special <CLS> token
to prompts (e.g., An <CLS> armchair in the living room ). We provide ab-
lations in the supplement showing that <CLS> improves identity metrics (CLIP-I,
DINO-I) without degrading motion quality.

3.4 Motion Awareness with Arbitrary Videos

Fine-tuning a pretrained video model on SDI-Gen pairs alone often erodes tem-
poral modeling and yields near-static generations at test time. To preserve mo-
tion, we introduce an image-to-video (I12V) objective on a small set of arbitrary
videos (Riig; V) 2 Dyiq . For each video, we sample a reference frame index i and
set I = Vi as conditioning, while the full video V serves as the reconstruction
target. We encode

Xref = VAE(I ref); X vid = VAE(V ); C ¥id = TS(P vid ); (2)

and train MM-DiT for X ig conditioned on (Xf; C¥9). We adopt 12V ne-
tuning (instead of pure T2V) since it matches the inference-time modality (ref-
erence image!video) and isolates motion preservation from identity supervision.
Mitigating reference-frame copying. Conditioning on a single frame can ad-

mit a degenerate solution that simply replicates the reference appearance across
time with minimal motion. We propose to apply two simple regularizers to dis-
courage this behavior: (i) random reference-frame sampling, where i is sam-
pled uniformly over frames rather than xed to the rst frame; (ii) image-token
dropout, where we randomly drop a subset of tokens in ¥; with probability
Parop » €Ncouraging the model to rely on temporal priors instead of copying. We
ablate these regularizers in the supplement.

3.5 Training Procedure

Putting everything together, ne-tuning proceeds as follows. At each training
step we sample u U(0; 1) and

1. if u < p, draw a mini-batch of arbitrary videos (T;V) from D ,iq, Sample a
random reference frame and apply image-token dropping, and update with
Lyia (T5V);

2. otherwise, draw subject-image pairs (fY;1®@ ;P) from Ding and update
with L img (1 ©;1@; P).

This stochastic proxy replay maintains motion-awareness through occasional
video updates while injecting identity from subject-image pairs in most steps.
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SDI-Gen!l2V. An alternative

way to generate subject-driven video

generation is to sequentially ap-

ply SDI-Gen model and 12V model.

However, this pipeline relies on clear

subject visibility in the initial frame

for identity propagation, which of-

ten fails in dynamic scenes (e.g., a

toy car comes closer to the cam- g 4: Limitation of SDI-Gen!l2V.

era on a wet pavement, Figure 4). when the subject is small in the rst
When the subject is small or oc- frame, 12V fails to produce consistent re-
cluded, the image-to-video model sults because it cannot reliably interpret low-
may misidentify it and introduce in-  resolution subjects.

consistent or fabricated details, causing a progressive loss of identity in later
frames. We provide additional comparison with SDI-Gen!l2V as baselines.
Please refer to the result in Sec. 5.

Computational E ciency. We quantify the computational e ciency of our
stochastic task-switching scheme by analyzing the expected per-step cost. Let
Cimg and C,jg denote the per-step cost of SDI-Gen and 12V updates, respec-
tively. Under MM-DIT attention, if a video contains T latent frames, the total
token count grows approximately linearly with T, so the attention cost grows
approximately as T2. For T=13, we empirically observe Gig 169 C img. With
task-switch probability p=0:2, the expected cost per step is

EI[C]=(1 p)C img +PCvia 0:8C jmg +0:2 169Cimg 34:6C img;

which is substantially lower than video-only ne-tuning. Using only 4,000 arbi-
trary videos, we ne-tune T2V models within 288 A100-hours while achieving
competitive zero-shot SDV-Gen performance (Table 1).

4 Gradient Dynamics in Dual-Task Learning

In Sec. 3.2, we formulated SDV-Gen as a dual-task learning problem with two
losses, lmg and Lyig, and their corresponding gradients gng (t) and gyiq (t).
To analyze gradient dynamics, we freeze the model at each checkpoint and
compute gmg (t) and gyig (t) on mini-batches from Ding and Dyig with respect to
the trainable parameters ., (LORA and task-speci ¢ normalization layers),
matching the training setup. We log their cosine similarity (t) and the gradient
norms kgmg (k2 and Kkg,iq (t)k 2. Measurement protocols are provided in the
supplement.

4.1 Do the Gradients Become Orthogonal?

Figure 5 plots the evolution of (t) under stochastic dual-task learning. We
ne-tune pretrained CogVideoX-5B and Wan 2.2-5B using Subject-200K [46] as
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Fig.5: Gradient analysis on alignment and norms during ne-tuning on
CogVideoX-5B (Top) and Wan 2.2-5B (Bottom). (Left) Cosine similarity

(t) between g img and gvia (over trainable parameters) quickly collapses to near zero
under dual-task training, indicating emergent near-orthogonality. (Right) = > norms
kgimg ()k 2 and kguid (t)k 2 remain non-negligible and similar in scale after 100 steps.

subject-image supervision and a small set of arbitrary videos from Pexels [31].
Starting from initialization, the cosine similarity rapidly converges to a narrow
band around zero and remains there for the rest of ne-tuning regardless of the
model used. This supports the hypothesis that, after a short transient, identity
injection and motion-awareness preservation update nearly orthogonal directions
in the trainable parameter subspace. (See supplement Sec. B.1-2 for details and
comparison and Sec. B.3 for analysis on Wan 2.1-1.3B variant.)

To rule out the trivial explanation that (t) is close to zero only because both
gradients vanish as training converges, we additionally track gradient norms.
As shown in Figure 5, both kgmg (k2 and kg,q (k> remain well above the
numerical noise oor throughout ne-tuning and stay within the same order of
magnitude after the initial drop. The decay of (t) therefore re ects a genuine
change in gradient direction rather than an artifact of vanishing magnitudes.

4.2 Why Does the Gradient Con ict Diminish?

The empirical behavior above suggests that stochastic switching between kg
and L4 tends to reduce their gradient inner product over training. To pro-
vide intuition for this behavior, we include a simpli ed analysis in supplement
Sec. C based on a local second-order quadratic approximation. This analysis
is intended only as an explanatory model, and should not be interpreted as a
formal guarantee for DiT training, where the optimization landscape is highly
non-convex.

Proposition 4.2.1 (Local decay of gradient inner product). Under the
local second-order assumptions, let

LO)=@ pL  10)+pL 2(); ®3)
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and consider gradient descent on the mixture loss. Then there exist constants
C>0and 2 (0;1) such that

jhrL 1( ;L 2( o)ij C G 4)

In particular,
tlI{m hrL 1( ¢);rL 2( 1)i=0: (5)

4.3 Relation to Gradient-Surgery Method

Several works in multi-task learning explicitly manipulate gradients to resolve
conicts, such as Gradient Surgery [58], which projects each task gradient to
remove components that con ict with other tasks. In our two-task setting, Gra-

dient Surgery would replace gng by givg = Jimg %g\,ﬂ if NQmg ; Qvia 1 < 0
and analogously for gia . This guarantees hfjy ;gvai O at each step, but re-
quires computing both gradients and performing additional projections at every
iteration, roughly doubling the gradient-computation cost compared to sampling
a single task.

Our empirical analysis shows that the simpler stochastic switching scheme
drives the gradient cosine (t) toward zero while keeping both norms non-
vanishing, achieving a similar end e ect (reducing gradient con ict) without ex-
plicit projections or extra gradient evaluations. For this reason, we use dual-task
learning with stochastic switching as our default, and regard Gradient Surgery-
style techniques as unnecessary re nements in this setting. We provide quali-
tative and quantitative comparisons between stochastic switching and Gradient
Surgery in the supplement.

5 Experiments

5.1 Setup

Implementation. We build our approach on CogVideoX-5B, Wan 2.1-1.3B,
and Wan 2.2-5B. CogVideoX-5B uses a 3D MM-DiT backbone [56] with a DDIM
scheduler, whereas the Wan backbones use an X-DiT architecture [48] trained
with ow matching. For all backbones, we optimize the two objectives with
AdamW using a learning rate of 5 10 ® and a cosine-with-restarts schedule.
For CogVideoX-5B, we ne-tune for 4,000 steps using BF16 mixed precision,
with batch sizes of 256 for image updates and 32 for video updates. For Wan
2.1-1.3B and Wan 2.2-5B, we ne-tune each backbone for 5,000 steps, with batch
sizes of 192 for image updates and 16 for video updates. The measured training
cost is approximately 288 A100 GPU-hours for each backbone. We apply LoRA
to the designated trainable layers, using rank 128 for CogVideoX and rank 32
for Wan, with dropout 0.2. Unless otherwise specied, we use stochastic task
switching with probability p = 0:2, chosen empirically. We provide ablations on
the LoRA rank and switching probability in the supplement with CogVideoX.
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Table 2: VBench benchmark results. We use public Phantom [34] and VACE [30]
results on Wan-2.1 1.3B [48].

SDI-Gen ! 12V methods Motion Smooth. Dynamic Degree CLIP-T CLIP-I DINO-I

OminiControl [46] 98.40 47.92 33.06 72.09 52.61
BLIP [33] 97.81 48.10 28.83 79.27 57.21
IP-Adapter [57] 97.74 51.90 28.94 76.60 51.41
SDV-Gen Methods Motion Smooth. Dynamic Degree CLIP-T CLIP-I DINO-I

VideoBooth [29] 96.89 53.33 29.59 65.65 34.17
Phantom-1.3B [34] 98.70 67.08 33.50 73.00 53.55
VACE-1.3B [30] 98.74 43.75 33.70 73.54 54.47
MAGREF-480P [15] 98.86 65.09 33.00 71.15 48.50
‘Ours (CogVideoX-58) ¢ 9823 7625 3365 7619 6123
Ours (Wan 2.1-1.3B) 98.97 53.75 32.51 74.65 58.77
Ours (Wan 2.2-5B) 98.09 82.50 31.29 76.97 57.27

Colors: 1st, 2nd, 3rd.

Table 3: OpenS2V-Eval v1.1 benchmark results on Single-Domain. Total
score is the normalized weighted sum of other scores.

Method Training Cost Total" Aes" Smooth." Amp." FaceSim" Gme" Nexus" Natural"

Vidu 2.0 - 52.90 43.32 91.88 17.52 36.19 66.96 44.84 66.11
Pika 2.1 - 53.12 47.43 86.07 26.32 32.33  69.84 47.35 64.68
Kling 1.6 - 56.67 45.97 85.76 47.17 39.27 65.36 49.30 73.63
VACE-P1.3B [30] 70K hrs 49.20 48.93 95.68 11.91 18.04  70.78 36.24 66.85
VACE-1.3B [30] 70K hrs 51.13 4941 95.42 2251 22.37 70.87 38.34 68.33
VACE-14B [30] 210K hrs 61.75 48.94 93.16 1969 64.65 65.86 50.82 70.56
Phantom-1.3B [34] 10K hrs 54.50 49.00 93.70 16.38 44.03 6954 37.72 66.76
Phantom-14B [34] 30K hrs 57.02 47.46 94.86 41.55 51.82 70.07 35.30 71.11
SkyReels-A2-P14B [8] - 55.06 40.85 85.54 26.41 54.42 61.81 48.60 61.85
MAGREF-480P [15] - 53.44 46.31 92.63 27.43 33.77 69.02 42.45 68.33
Ours (CogVideoX-5B) [56] 288 hrs 50.05 4540 93.90 19.38 18.05  70.53 41.23 68.52
Ours (Wan 2.1-1.3B) [48] 288 hrs 51.45 43.80 93.68 17.55 13.90 7112 4521 75.65
Ours (Wan 2.2-5B) [48] 288 hrs 56.84 44.70 84.97 14.38 48.78 61.98 49.97 71.30

Colors: 1st, 2nd, 3rd.

We use OminiControl's Subject200K dataset as our subject-image pairs. To
study data e ciency, we additionally evaluate 2,000 and 4,000 subsets of Sub-
ject200K. We sample 4,000 arbitrary videos (1% of Pexels 400K [31]), providing
diverse real-world motion patterns. We train two sampling-rate variants: an 8
FPS model aligned with the original CogVideoX setting, and a 16 FPS model
further trained on Pexels videos to improve motion smoothness and temporal
consistency at higher frame rates. All ablations are conducted on CogVideoX,
with additional implementation details deferred to the supplementary material.

Baseline. For zero-shot baselines, we use the SDV-Gen models of VideoBooth [29],
Phantom [34] and VACE [30] with Wan 2.1-1.3B, and MAGREF [15]. Also we
additionally compare with state-of-the-art SDI-Gen models OminiControl [46],
BLIP-Di usion [33], and IP-Adapter [57], combined with the CogVideoX-5B
12V model: each rst performs subject-driven image generation with its original
setup, and we then generate videos via CogVideoX-5B. For per-subject tuning,
we additionally compare with Still-Moving [7] and CustomCrafter [55] qualita-
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Fig. 6: Qualitative comparison with zero-shot methods (left) and per-

subject tuning methods (right). Ours CogvideoX denotes our model ne-tuned

on CogVideoX-5B, and Ours Wan denotes our model ne-tuned on Wan 2.2-5B. Note
that ours is zero-shot, requiring no per-subject tuning at inference time.

tively, using the results reported in their paper due to unavailable code or costly
per-subject tuning.

Evaluation Details. We randomly select 30 reference images from recent SDI-
Gen benchmark sets [2, 7] and the standard DreamBooth dataset [43]. For each
image, we use GPT to generate 8 prompts, resulting in 240 reference image
prompt pairs for video generation. Using the generated 240 videos, we report
VBench metrics [28], including Motion Smoothness for temporal consistency,
Dynamic Degree for the amount of motion, CLIP-T for text video alignment,
CLIP-I for CLIP-based image similarity, and DINO-I for DINO-based subject
delity, and compare them with baseline methods. For ablation studies, we use
a 120-video subset, corresponding to 4 prompts per image, as it shows similar
trends. In addition, we report evaluation results on the OpenS2V benchmark
version 1.1 [59].

5.2 Comparison with Baselines

Quantitative Analysis. Table 2 reports VBench metrics for zero-shot SDV-
Gen, where Phantom and VACE use the publicly available Wan-2.1 1.3B ver-
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sions. Our CogVideoX-5B and Wan 2.2-5B variants achieve strong motion dy-
namics, obtaining the second-highest and highest Dynamic Degree scores, re-
spectively, while maintaining high Motion Smoothness. Our Wan 2.1-1.3B vari-
ant further achieves the best Motion Smoothness. Across CLIP-T, CLIP-I, and
DINO-I, our variants remain competitive with Phantom and VACE, with Cog
VideoX-5B achieving the best DINO-I score. Compared with SDI-Gen!l2V
pipelines, which often obtain high CLIP-I but weaker motion dynamics, our
method provides a stronger balance between subject delity and video motion.

Table 3 further evaluates OpenS2V-Eval v1.1 on the Single-Domain setting.
Our Wan 2.2-5B variant achieves a competitive Total score of 56:84 with only
288 training hours, closely matching Phantom-14B (57:02) and outperforming
commercial models such as Kling, Pika, and Vidu, as well as open-source mod-
els such as MAGREF and SkyReels. Although VACE-14B obtains the highest
Total score, it requires substantially larger training cost. Our Wan 2.1-1.3B vari-
ant also remains competitive with 1.3B-scale baselines, surpassing VACE-1.3B
in Total score despite using much less training compute. The relatively lower
Ampli cation score of our Wan 2.2-5B variant is likely related to its TI2V back-
bone [14, 48]; in contrast, our Wan 2.1-1.3B model shows comparable motion
scores to other 1.3B-family models such as VACE-1.3B and Phantom-1.3B. We
additionally provide a human preference study in Supplement Sec. E.1 for all
CogVideoX and Wan-family variants.

Qualitative Analysis. As shown on the left of Figure 6, our method produces
sharper subject details and more consistent identity than tuning-free baselines
such as Vidu 2.0 and VideoBooth, while remaining competitive with recent
SDV-Gen methods (Phantom and VACE). In the backpack example, Video-
Booth largely fails to follow the prompt, collapsing to unrelated close-up frames.
Vidu 2.0 preserves the backpack appearance but shows less stable motion across
frames. In contrast, our CogVideoX and Wan variants better retain ne backpack
textures and maintain coherent foreground motion, consistent with the VBench
gains in Table 2.

We also compare against Table 4: Ablation study on training strategy.
per-subject tuning methods All variants are evaluated on the same 120-sample

CustomCrafter [55] and Still- subset using VBench.

Moving [7] using their 0-  \imod Motion Dynamic o) 5 1 i p. DINO-I

cial samples (Figure 6, right). Smoothness _Degree

For e teaay boar sequence, TRy B9 0% BE AL OO

CustomCrafter exhibits no- ' ' ' ' '
ours 98.45 60.64 3260 7714 62.88

ticeable shapef/texture drift
across frames, whereas our results are more identity-faithful. For the cat se-
quence, Still-Moving tends to lose ne facial details (e.g., whiskers) and shows
weaker detail preservation, while our results better maintain subject appearance
under motion. We further nd that ours-mini, trained with only 4,000 SDI-Gen
pairs, remains competitive against these baselines. We discuss this further in the
ablation below.
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5.3 Ablation Study

Training Strategy.

We compare three train-

ing strategies: (1) alternat-

ing optimization (Ours), (2)

image-only, and (3) sequen-

tial two-stage (i.e., image-

only ! image-to-video) ne-

tuning approaches in the

Table 4. Image-only ne-

tuning produced high motion

smoothness (99.60) because

static videos (0.84 dynamic Fig.7: Ablation on the number of subject-
degree) lead to smooth mo- image pairs. Using only 2,000 pairs (Ours-tiny)
tion, indicating a need for im- leads to weaker motion dynamics and more frequent
proved dynamics. Two-stage failure cases.

ne-tuning improved dynam-

ics (81.51) and similarity (CLIP-1: 84.73) but introduced severe artifacts and
identity forgetting. (See supplement Sec. D.8.) Our dual-task learning excelled,
achieving a balance between motion smoothness (98.45) and dynamic degree
(69.64). For additional training strategies comparison with gradient surgery [58]
or with penalty, see supplement Sec. B.4 and Sec. D.9.

E ect of Scaling the Im- Table 5: Ablation study on subject-image
age Dataset. While our training-pair scale. All variants are evaluated on
method remains robust even the same 120-sample subset. We report VBench met-
with only 4,000 subject-image rics, Flow Entropy (FE), and copy score (CS).
pairs (Ours mini), scaling Method # Pairs S“ﬁ:’;'g{;\ Dé”;;’:‘eig CLIP-T CLIP-I DINO-I FE" CS#
the dataset to the full 200K ouwstny 2000 9872 6071 3338 7472 5703 5473 4527
. . . Ours-mini 4,000 97.99 78.33 33.22 75.87 58.86 58.91 41.09
palrs ConSIStentIy Impro_ves Ours 200K 98.45 69.64 32.69 77.14 62.88 63.77 36.32
ne-grained subject delity
and temporal realism. With fewer subject-image pairs, we occasionally observe
a copy-paste artifact: the generated subject preserves its identity, but appears
overly rigid, often repeating a near-identical appearance or layout across frames.
For example, in the pig sur ng case in Figure 7, the full-set model better
captures viewpoint and pose variations, including head turns and body articu-
lation, rather than reusing a static subject template. This trend is also re ected
in Table 5. As the number of subject-image pairs increases, CLIP-1 and DINO-I
improve, indicating stronger identity preservation. At the same time, ow en-
tropy (FE), which measures the diversity of subject motion, increases, while
copy score (CS), which captures near-rigid repetition of the reference subject,
decreases. These results suggest that a small number of subject-image pairs is
su cient to learn the basic identity mapping, whereas broader subject-image
coverage helps preserve high-frequency details and reduces copy-paste artifacts
under complex motion. See the supplement Sec. D.10 for implementation and
measurement details on the FE and CS metrics.
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