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Fig. 1: Reference-to-video generation using our proposed method, RefAlign.

Abstract. Reference-to-video (R2V) generation is a controllable video
synthesis paradigm that constrains the generation process using both
text prompts and reference images, enabling applications such as per-
sonalized advertising and virtual try-on. In practice, existing R2V meth-
ods typically introduce additional high-level semantic or cross-modal fea-
tures alongside the VAE latent representation of the reference image and
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jointly feed them into the diffusion Transformer (DiT). These auxiliary
representations provide semantic guidance and act as implicit alignment
signals, which can partially alleviate pixel-level information leakage in
the VAE latent space. However, they may still struggle to address copy—
paste artifacts and multi-subject confusion caused by modality mismatch
across heterogeneous encoder features. In this paper, we propose Re-
fAlign, a representation alignment framework that explicitly aligns DiT
reference-branch features to the semantic space of a visual foundation
model (VFM). The core of RefAlign is a reference alignment loss that
pulls the reference features and VFM features of the same subject closer
to improve identity consistency, while pushing apart the correspond-
ing features of different subjects to enhance semantic discriminability.
This simple yet effective strategy is applied only during training, incur-
ring no inference-time overhead, and achieves a better balance between
text controllability and reference fidelity. Extensive experiments on the
OpenS2V-Eval benchmark demonstrate that RefAlign outperforms cur-
rent state-of-the-art methods in TotalScore, validating the effectiveness
of explicit reference alignment for R2V tasks.

Keywords: Reference representation alignment - Reference consistency
- Reference-to-video generation

1 Introduction

Diffusion models have driven rapid advances in video generation. Representative
commercial systems (e.g., Sora) [2,3,35] and open-source models [37,40,44] now
achieve high-fidelity text-to-video (T2V) and image-to-video (I2V) synthesis.
However, T2V relies solely on the prompt and offers limited fine-grained con-
trol (e.g., identity and appearance), while 12V is more controllable but restricts
diversity due to the reference image.

To bridge this gap, reference-to-video (R2V) [6,15,24] has attracted increas-
ing attention. Conditioned on the prompt and the reference image, it aims to
generate instruction-following videos while preserving subject identity and ap-
pearance, with applications in personalized advertising [5, 22| and virtual try-
on [20,27]. A key challenge, however, is effective multi-modal conditioning during
video generation.

To alleviate the aforementioned challenges, prior work [6, 11, 24] typically
adopts a “two-stream reference” paradigm: it leverages a 3D VAE to extract
reference features that provide low-level details; meanwhile, it also introduces
an additional encoder to encode the reference images and supply higher-level
semantic cues, which can partially mitigate the detail leakage caused by the
former. However, because both reference images and textual prompts are often
processed by separate, independent encoders, these methods may struggle to
model complex cross-modal interactions—particularly for prompts that involve
spatial relations and temporal reasoning.

Furthermore, some methods [8,21,29] leverage cross-modal representations
from multimodal large language models (MLLM) to enhance deeper semantic
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Fig. 2: Motivation of the proposed RefAlign method. (a) The R2V task suffers from
copy—paste artifacts (top) and multi-subject confusion (bottom), both generated by
Kling [17]. (b) t-SNE [26] visualization of reference feature distributions. DiT features
(conditioned on VAE-encoded inputs) are highly entangled and overlap substantially
across references, whereas DINOv3 features are more separable. RefAlign aligns DiT
features to the DINOv3 feature space via an alignment loss, improving reference separa-
bility by pulling same-reference features closer and pushing different-reference features
farther apart. (c¢) Visual comparison with and without RefAlign.

interactions among multimodal inputs. However, this often incurs substantial
inference overhead (e.g., introducing models such as Qwen2/2.5-VL-7B [1, 38]).
More importantly, these approaches still fundamentally rely on feeding addi-
tional semantic features together with cross-modal features into the diffusion
transformer, attempting to mitigate modality mismatch via implicit alignment.
Here, modality mismatch refers to the discrepancy between DiT’s internal ref-
erence representations derived from VAE latents and the external semantic ref-
erence representations injected for conditioning, making implicit alignment less
effective. Lacking explicit constraints on the alignment mechanism itself, the
marginal benefit of the extra features may be limited. As a result, existing models
can still suffer from copy—paste artifacts (i.e., overly replicating the reference im-
age in generated videos, Fig. 2(a)(top)) and multi-subject confusion (i.e., mutual
interference and blending of different subjects’ appearances, Fig. 2(a)(bottom)).

In this paper, we propose a simple yet effective strategy called RefAlign to
mitigate the misalignment among multimodal features. Fig. 2(b) visualizes the
latent distributions of reference images produced by different encoders. For the
VAE, the features input to DiT are scattered and poorly structured, with strong
cross-reference entanglement. As a result, discriminative boundaries are hard to
establish. In contrast, features extracted by DINOv3 [34] demonstrate stronger
separability: distributions from different reference images are more distinct, while
features belonging to the same reference remain compact and consistent. Moti-
vated by this observation, we design a vision foundation model (VFEM)-guided
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optimization strategy for the VAE-based reference representation in DiT. We find
that VFM guidance can compensate for the limited semantic expressiveness of
DiT latent features, thereby alleviating copy—paste artifacts and multi-subject
confusion. Fig. 2(c) provides qualitative evidence supporting this claim.

RefAlign’s main contribution is the proposed reference alignment (RA) loss,
which aligns the DiT features of reference images into the feature space of a pre-
trained VFM during training. Although directly incorporating VFM features as a
complement to VAE features yields performance gains—likely because additional
semantic information facilitates implicit multimodal alignment—this strategy in-
troduces an extra encoder and increases inference cost. In contrast, we find that
a carefully designed RA loss plays a key role in achieving effective alignment
without additional inference overhead. RA loss is designed to regularize the
feature distribution while preserving the expressive capacity of DiT reference
features. Moreover, to prevent overly strong similarity constraints from causing
representation collapse and exacerbating multi-subject confusion, our RA loss
further incorporates a negative alignment mechanism. Finally, we systematically
investigate the impact of different VFMs on alignment effectiveness.

To evaluate generation performance on the R2V task, we apply RA loss to one
of the most representative video generation backbones, Wan2.1 [37]. We conduct
a comprehensive evaluation of RefAlign on the OpenS2V-Eval [47] benchmark,
where it achieves state-of-the-art performance in TotalScore. Qualitative results
further demonstrate clear improvements in subject fidelity and consistency. The
main contributions of this paper are summarized as follows.

— We propose RefAlign, the first R2V framework that regularizes reference
image features by leveraging a vision foundation model.

— We introduce the RA loss, which effectively alleviates both copy—paste ar-
tifacts and multi-subject confusion in R2V without introducing additional
inference overhead.

— On the OpenS2V-Eval benchmark, RefAlign outperforms prior R2V meth-
ods, and extensive ablation studies further validate the effectiveness and
necessity of the proposed design. We will make the model and code publicly
available to support reproducibility and further research.

2 Related Work

2.1 Reference-to-Video Generation

Reference-to-video (R2V) aims to synthesize high-quality videos conditioned
on text and reference images. R2V has evolved from human-centric identity-
preserving generation [33,43,48,51] to more general objects and scenes [11, 15,
21,24, 50], enabling more flexible control. By reference-conditioning strategy,
R2V methods fall into three categories: multi-encoder reference conditioning,
reference disentanglement, and MLLM-based cross-modal guidance.

The first category introduces a semantic branch independent of the VAE en-
coder to impose global semantic constraints on the reference [6,8,11,21,24], mit-
igating pixel-level leakage and copy—paste artifacts. For example, Phantom [24]
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injects fine-grained appearance cues via VAE features while anchoring subject
semantics with CLIP [31] features.

The second category either decouples reference conditioning from video rep-
resentations [50,52] or explicitly aligns each reference subject with its corre-
sponding text [9,15], reducing multi-subject interference and identity confusion.
For instance, Kaleido [50] adopts rotational positional encoding to distinguish
image conditions from video tokens, whereas MAGREF [9] and ConceptMas-
ter [15] bind subjects to their textual descriptions via masking and a decoupled
attention module, respectively.

The third category leverages MLLMs for deeper vision—text interaction to
provide cross-modal relational and semantic guidance [4, 8,13, 14,21, 29]. For
example, BindWeave [21] uses Qwen2.5-VL [1] to facilitate multi-reference in-
teraction, while PolyVivid [14] employs an internal LLaVA [23] to embed vi-
sual identity into the text space for precise semantic alignment. In addition,
VACE [16] is a unified model that supports both R2V and video editing via a
context adapter; however, due to the difficulty of multi-task optimization, it may
still struggle to fully preserve identity consistency in reference-guided generation.
Unlike the above methods, we use external visual encoder features as semantic
anchors and apply explicit feature alignment to pull same-subject features closer
and push different-subject features apart, improving identity consistency and se-
mantic discriminability while reducing multi-subject confusion.

2.2 Alignment-based Method

Recently, REPA [46] accelerates training convergence by aligning DiT mid-block
features to those of a Vision Foundation Model (VFM). Building on this, REPA-
E [19] enables end-to-end VAE tuning, while DDT [39] improves the alignment
paradigm by decoupling the encoder and decoder. In a parallel line of work,
REG [41] and ReDi [18] jointly model image latents and semantic signals within
the diffusion process. Beyond aligning the denoiser, VA-VAE [45] extends align-
ment to the VAE tokenizer; ARRA [42] transfers the alignment principle for
autoregressive text-to-image generation; and VideoREPA [419] generalizes align-
ment to video generation to enhance physical consistency. In contrast, RefAlign
aligns reference-conditioning features to VFM features, rather than aligning the
generation target to VFM, which can strengthening conditional semantics and
improving fine-tuning stability. This reference-centric alignment approach may
also inspire video editing and may promote unified modeling of understanding
and generation tasks.

3 Method

We first briefly introduce text-to-video generation and representation alignment
(REPA) [46] in Sec. 3.1, which form the foundation of our work. Inspired by
REPA, we present the overall RefAlign pipeline in Sec. 3.2 and its core design,
the reference alignment (RA) loss, in Sec. 3.3. We further discuss the choice
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of target encoders for alignment in Sec. 3.4. Finally, we summarize the key
differences between RefAlign and REPA in Sec. 3.5.

3.1 Preliminary

Text-to-Video Generation. Text-to-video (T2V) synthesis [37] typically per-
forms generative denoising modeling in a low-dimensional latent space, thereby
significantly reducing computational cost. Its training objective follows the Rec-
tified Flow (RF) [10] paradigm. RF defines a straight-line trajectory in this
space by linearly interpolating between the noise and data latents. Therefore,
the training loss function can be formulated as:

Lre = e llee (20,08) = (e = 20)I13] (1)

where € ~ N (0,1) is a standard Gaussian noise sample, zo denotes the latent
variable of the clean video data, z; is the noisy latent variable at timestep %, ¢
is the condition (e.g., prompt) and eg (z¢, ¢, t) is the output predicted by the
network parameterized by ©.

Representation Alignment. Representation Alignment (REPA) [46] is a reg-
ularization method designed to accelerate the convergence of diffusion trans-
formers (DiT). It projects DiT hidden states through an MLP and aligns them
with clean-image representations from a frozen pretrained vision encoder (e.g.,
DINOv2 [28]). The REPA loss can be formulated as:

1 & .
i ;COS (f;;hfl)} , (2)

where cos(+,-) denotes cosine similarity, n is the patch index, ¢t denotes the
timestep, f* € RVXP is the vision-encoder features with N patch tokens of
dimension D, and ht = U(h') € RV*P is obtained by projecting the DiT hidden
states h! through an MLP projector W(-).

Lrepa = —E

3.2 Pipeline

The overall framework of RefAlign is illustrated in Fig. 3(a). Our model com-
prises a frozen T5 encoder [32] ers, a frozen Wan-VAE [37] eyag, and a trainable
diffusion transformer (DiT) [37] parameterized by ©. Given a text prompt Ctexs,
reference images I = {Im}%zl, a target video x, and the noisy latent z; at
timestep ¢, we encode the prompt, references, and target video as:

Crext = €15 (Crext) s 1 = {evas(Tn) M1, 20 = evar (z). (3)

We employ a DiT consisting of L transformer blocks. Following REPA [46],
we apply the alignment only to the intermediate reference image-token features
extracted from the first K blocks (Sec. 3.3). Importantly, all L blocks are jointly
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Fig. 3: (a) Overview of RefAlign. During training, we apply the proposed reference
alignment loss Lra to intermediate features in selected DiT blocks and align them to
target features extracted by a frozen vision foundation model (VFM). During inference,
we discard the alignment process and the VEM. (b) Illustration of the reference align-
ment (RA) loss. RA loss aligns DiT reference features to their corresponding VFM
teacher features by pulling matched (same-subject) pairs together and pushing mis-
matched (cross-subject) pairs apart, improving reference-consistent generation.

optimized under the RF objective. The DiT takes (zt,étext,f ,t) as input and
outputs g (2, Ctext, [, t). The RF objective in Eq. (1) can be written as:

Lrp =E.pet Mse (zhétext;fy t) —(e— Zo)Hz] : (4)

Inference. At inference, we remove the training-time VFM and MLP (Fig. 3(a))
to avoid extra overhead. Following Phantom [24] and Video Alchemist [6], we
use an RF sampler with classifier-free guidance (CFG) [12]. At timestep ¢, the
guided prediction is:

é@ (Ztyétextafat) =Ee (Zt7®a®at) +/L1 (59 (Zt;®afat) —¢o (zt7®7®5t)>

. . (5)

+ 2 (69 (Zt7 étexta Ia t) —€o (Zt7 ®7 Ia t) )
where @ denotes dropping the corresponding condition (i.e., a null text embed-
ding or a null reference embedding). p; and ps balance the reference-image and
text conditions.

3.3 Reference Alignment Loss

By comparing the feature distributions of reference images encoded by DiT and
DINOv3, we observe that DiT features are strongly coupled across references,
whereas DINOv3 features are more separable. Motivated by this observation, we
introduce a reference alignment (RA) loss that aligns DiT reference representa-
tions to the vision foundation model (VFM) feature space. As shown in Fig. 3(a),
we align the reference image-token features produced inside the self-attention of
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the first K DiT blocks to features extracted by a frozen VFM eypum (). Specifi-
cally, for each training sample we obtain the VFM features from I,

f=A{evemIm) Iy, € RM*NXD, (6)

Let h) = egu)(I) be the reference image-token features from the self-
attention module of the I-th DiT block (I < K), and we project them with
an MLP U,,,;(-) to match the VEM feature dimension:

D = W5 (AD) € RAN*D, (7)

As illustrated in Fig. 3(b), we define the RA loss with a positive (diagonal)
term and a negative (off-diagonal) term. We pull DiT reference tokens closer to
the corresponding VFM tokens for the same subject:

l 1 X 1 Y 72(D),m prm
EI(DC),S:MZNZ(I—COS (R pmY).- (8)
m=1 n=1

To enforce subject-level separation, we push features from subject m away from
features of other subjects m’ # m using a margin J:

£ 1 SEsEE P (). pm’
neg—mz > Z\]Q;;l[é—(l—cos(hn’ ’f”’))L’ )

m=1 m’'=1
m’'#m

where [z]4+ = max(z,0). Then, we average over the first K blocks and combine
the two terms:

K
Lra =2 (60 +220,). (10)
=1

where A controls the weight of the negative term. Special case. When M =1
(i.e., only one reference), the inter-subject negative term is undefined and we

set ,c,(fgg =0, so Lra reduces to the positive alignment loss. Finally, combining
Eq. (4) and Eq. (10), we optimize our model with the following overall objective:

L = Lgrr +1nLRA, (11)

where 7 is a scalar hyperparameter balancing RA and RF losses.

3.4 Alignment Using Different Encoders

In RefAlign, Eypym aligns the intermediate features of DiT’s reference branch to
establish a stable subject anchor. Therefore, the representational characteristics
of Eyrm strongly influence the behavior of the alignment constraint. Below, we
discuss the differences induced by three types of encoders.
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DINOv3. DINOv3 provides self-supervised patch representations with strong
instance-level discriminability [34,46]. When used as the alignment target, it en-
courages the reference branch to preserve identity-relevant cues while being less
sensitive to appearance variations such as background, illumination, and pose. Its
limitation is the lack of language supervision, resulting in relatively weaker high-
level semantic constraints. Therefore, using EZEYOVS steers RefAlign to empha-
size intra-subject representation consistency and inter-subject separability, help-
ing mitigate the effects of appearance variations and cross-subject interference
on the reference-branch representations.

SigLIP2. SigLIP2 is trained using contrastive learning, which encourages patch
representations to be consistent with global semantic separability [36]. As a re-
sult, local cues are often consolidated into more stable category- or attribute-level
features. However, when the subject and background are highly co-occurring, this
global discriminative bias can also encode background co-occurrence patterns
as informative signals. Therefore, when using £ %31%4”32 as the alignment target,
RefAlign tends to emphasize consistency along semantic-attribute dimensions:
attribute cues that persist in the reference images and align with the prompt se-
mantics are more likely to be amplified in the reference-branch representations.
Qwen2.5-VL. Qwen2.5-VL vision tokens are strongly coupled with textual se-
mantics through multimodal pre-training, making them well-suited for providing
cross-modal semantic supervision [1]. When used as the alignment target, the
reference branch is more likely to be pulled toward a prompt-consistent semantic
direction (in contrast to SigLIP2, which tends to emphasize category/attribute-
level semantics). A limitation is that multimodal fusion and sequence structuring
can weaken the stability of local spatial correspondences, and the model is heav-
ier (7B), incurring higher training cost and VRAM pressure. Therefore, when
using Eg}”ﬂlzj'VL as the alignment target, RefAlign places more emphasis on
contextualized compositional semantics, encouraging the reference-branch repre-
sentation to organize reference cues into concept-level features aligned with the
prompt semantics.

Overall, RefAlign tends to benefit more from supervision that is spatially
consistent, identity-sensitive, and robust to appearance variations. DI-
NOv3 may align better with this form of supervision; by contrast, SigL.IP2 tends
to emphasize semantic discrimination and Qwen2.5-VL leans toward multimodal
semantic fusion, making their alignment signals more likely to deviate from pure
“subject anchoring”.

3.5 Relationship to REPA

Our RefAlign and REPA both leverage representations from VFM to assist DiT
training, but they differ fundamentally in motivation, objective, and mechanism
(as shown in Fig. 4). 1) Different motivations: REPA uses VFM to regularize
DiT’s target representations, easing semantic learning from noise. However, Re-
fAlign regularizes the reference condition with VFM to mitigate VAE-induced
pixel-level leakage and copy—paste artifacts, improving reference controllability.
2) Different objectives: REPA targets training from scratch, using semantic
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Fig. 4: Training comparison between REPA and RefAlign. (a) REPA: Trained from
scratch, aligning noisy generation targets with clean VFM features to accelerate DiT
convergence. (b) RefAlign: Fine-tuned from Wan2.1 [37] initialization, aligning clean
reference-branch image features with clean VFM features to optimize reference repre-
sentations and improve reference controllability.

Table 1: Quantitative comparison of RefAlign and other methods on zero-shot
OpenS2V-Eval results. T denotes that higher is better.

Method TotalScoret Aestheticst Moti hnesst MotionAmplitudet FaceSimT GmeScorel NexusScoret NaturalScorel

Closed-source

Vidu2.0 [2] 51.95% 41.48% 90.45% 13.52% 67.57% 43.37% 65.88%
Pika2.1 [30] 51.88% 46.88% 87.06% 24.711% 69.19% 45.40% 63.32%
Kling1.6 [17] 56.23% 44.59% 86.93% 41.60% 66.20% 45.89% 74.59%
Saber-14B [52] 57.91% 42.42% 96.12% 21.12% 49.89% 67.50% 47.22% 72.55%
Open-source
VACE-1.3B [16] 49.89% 48.24% 97.20% 18.83% 20.57% 71.26% 37.91% 65.46%
VACE-P1.3B [16] 48.98% 47.34% 96.80% 12.03% 16.59% 71.38% 40.19% 64.31%
Phantom-1.3B [24] 54.89% 46.67% 93.30% 14.29% 48.56% 69.43% 42.48% 62.50%
RefAlign-1.3B 56.30% 42.96% 94.74% 20.74% 53.06% 66.85% 43.97% 66.25%
VACE-14B [16] 57.55% 47.21% 94.97% 15.02% 55.09% 67.27% 44.08% 67.04%
SkyReels-A2-P14B [11] 52.25% 39.41% 87.93% 25.60% 45.95% 64.54% 43.75% 60.32%
Phantom-14B [24] 56.77% 46.39% 96.31% 33.42% 51.46% 70.65% 37.43% 69.35%
MAGREF-480P [9] 52.51% 45.02% 93.17% 21.81% 30.83% 70.47% 43.04% 66.90%
VINO [4] 57.85% 45.92% 94.73% 12.30% 52.00% 69.69% 42.67% 71.99%
Kaleido [50] 56.59% 46.15% 98.11% 12.67% 34.56% 67.51% 41.70% 82.18%
BindWeave [21] 57.61% 45.55% 95.90% 13.91% 53.71% 67.79% 46.84% 66.85%
RefAlign-14B 60.42% 46.84% 97.61% 22.48% 55.23% 68.32% 48.52% 73.63%

regularization to speed convergence. By contrast, RefAlign targets fine-tuning
pretrained video generators (e.g., Wan2.1 [37]), balancing text and reference con-
ditions while largely preserving generative quality. 3) Different task suitabil-
ity: In multi-reference settings, REPA’s one-to-one alignment can be overly hard,
potentially collapsing different reference representations toward an average and
thus reducing discriminability and increasing subject confusion (see Tab. 2 and
Fig. 6). RefAlign instead enforces inter-reference separability via cross-subject
discrimination (e.g., Lneg), making it well suited to multi-reference-to-video gen-
eration. 4) Different alignment representations: REPA pulls noisy repre-
sentations toward VFM, making it more suitable for training from scratch. In
contrast, RefAlign aligns the clean DiT reference-image representations to VFM,
reducing interference with the generative backbone for stable fine-tuning.
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4 Experiment

4.1 Experiment Setting

Datasets and Evaluation. RefAlign is fine-tuned on a high-quality subset
(360K samples) curated from OpenS2V-5M [47] and Phantom-Data [7]. The
subset consists of image-text—video triplets, with a regular-pair to cross-pair
ratio of 6:4. To validate effectiveness, we generate 180 videos on the OpenS2V-
Eval [17] benchmark. We report Aesthetics (visual quality), MotionSmoothness
(motion continuity), MotionAmplitude (motion magnitude), FaceSim (face fi-
delity), NexusScore (subject consistency), NaturalScore (naturalness), and Gme
Score (video—text alignment).

Implementation Details. RefAlign is fine-tuned on the Wan2.1 [37] T2V back-
bone. The MLP for Lra has two linear layers with SiLLU, and its parameters are
not shared across DiT blocks. The model is trained for 3000 iterations with
AdamW [25] (81 = 0.9, B2 = 0.999, weight decay = 0.01), a learning rate of
5e-5, and a global batch size of 128. To mitigate copy—paste artifacts, we apply
data augmentation to the reference images in regular pairs (e.g., random rota-
tion, scaling, horizontal flip, affine transformations (including shear), Gaussian
blur, and color jitter). We set A and 7 in Egs. (10) and (11) to 1.0. During infer-
ence, we use a 50-step Euler sampler, with p1 and uo in Eq. (5) set to 5.0 and
7.5, respectively.

Baselines. We choose closed-source models (e.g., Vidu [2], Pika [30], Kling [17],
and Saber [52]) and open-source methods (e.g., VACE [16], SkyReels-A2 [11],
Phantom [24], MAGREF [9], VINO [4], Kaleido [50], and BindWeave [21]) as
baselines for comparison with RefAlign.

6

Phantom ~ Klingl
Phantom  Klingl.6

The video opens with a person pedaling smoothly on a bicycle along a quiet The video features a man standing at an easel, focused intently as his brush
street... dances across the canvas... He wears a paint-splattered apron, ...

Phantom  Klingl.6

a man playing with his dog on the beach. ... They appear to be engaged in a relaxed conversation, with the person in
the plaid shirt leaning forward and the other sitting back, holding a stick...

Fig. 5: Qualitative results. We compare RefAlign with three representative methods,
namely Klingl.6 [17], Phantom [24], and VINO [4].
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Table 2: Ablation study on the impact of the RA loss design in RefAlign on the
OpenS2V-Eval. Config D adopts a dual-encoder input, feeding both VAE and DINOv3
features into DiT simultaneously.

Configuration TotalScoret Aestheticst MotionSmoothnesst MotionAmplitudet FaceSim? GmeScoret NexusScoret NaturalScoret
A: Lra 55.73% 41.53% 90.00% 29.53% 53.15% 67.54% 46.23% 62.96%
B: LrA(W/0 Lneg) 51.75% 41.12% 91.80% 17.67% 48.67% 61.31% 46.61% 53.75%
C: w/o Lra 49.93% 36.46% 88.97% 28.62% 68.45% 58.83% 38.63% 40.46%
D: VAE + DINOv3  52.15% 37.14% 87.98% 39.26% 35.11% 67.58% 45.78% 66.06%

4.2 Quantitative Results

Tab. 1 reports the R2V generation performance of RefAlign, open-source base-
lines, and closed-source baselines on the OpenS2V-Eval benchmark. For the
1.3B model, RefAlign achieves the state-of-the-art (SOTA) TotalScore, indicat-
ing a better overall trade-off across evaluation metrics than competing meth-
ods. Specifically, RefAlign obtains the best results on NexusScore and FaceSim,
demonstrating its clear advantage in subject consistency and fidelity. Mean-
while, RefAlign also delivers competitive performance on NaturalScore. For the
14B model, RefAlign likewise achieves the SOTA TotalScore, further validat-
ing its effectiveness across different model scales. To the best of our knowledge,
RefAlign is the first model to achieve a TotalScore of 60.42% among existing
publicly reported results.

4.3 Qualitative Results

Fig. 5 presents qualitative comparisons between RefAlign and existing SOTA
R2V methods. Overall, RefAlign achieves a better balance between preserv-
ing the appearance consistency of the reference subject and following the text
prompt, producing videos with more stable temporal coherence and smoothness.
In contrast, Klingl.6 shows noticeable copy—paste artifacts in some examples
(top-left), and the subject fidelity may degrade in certain scenarios (bottom-left);
Phantom exhibits similar issues. In addition, both methods appear to underuti-
lize the background reference image in some cases, leading to reduced background
consistency (bottom-left). The strongest open-source baseline, VINO, still shows
erroneous copying of clothing textures in some results (top-right), and its instruc-
tion following becomes weaker under some prompts (bottom-right).

4.4 Ablation Study

To validate the effectiveness of the RA loss, we conduct a systematic ablation
study from three aspects: loss design, alignment depth, and the alignment en-
coder. Notably, all experiments are conducted under a unified setting of 1800
training tterations to ensure a fair comparison. The baseline configuration
(w/o Lra) only encodes the reference image with the VAE and feeds it into the
DiT, without introducing the RA loss.
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The video features two individuals standing side by side in front of a car, with a building and some greenery in
o e d. The person on the left is wearing a light blue button: shirt and is holding a car key fob in their
, raised slightly above shoulder level. The individual on th ina ligl ored, possibly
4 bug. button-up shirt with a subtle pattern. Both i ests
they are posing s for |Iu. phom Thl()llbhml( |]\«. udu)
J nt, indicating that the video was
mera movement or action progression.

8

Fig. 6: Qualitative Ablation Study. RA loss (A) improves reference fidelity and in-
struction following. Removing the negative loss (B) leads to multi-reference confusion;
removing RA loss (C) causes copy—paste artifacts; using DINOv3 features as input (D)
reduces subject fidelity.

Effectiveness of RA loss. To validate the design of the proposed RA loss,
we conduct an ablation study with different configurations. As shown in Tab. 2,
configuration A achieves the best TotalScore (55.73%), indicating a favorable
trade-off. Configuration B lowers TotalScore mainly due to drops in FaceSim
and NaturalScore, showing Ly, is important for suppressing incorrect align-
ments and improving naturalness. Without RA loss (configuration C), TotalScore
drops sharply (55.73%—49.93%) while FaceSim increases markedly, indicating
RA loss mitigates copy—paste artifacts. Configuration D improves over C (52.15%
vs. 49.93%), but still trails A, suggesting direct alignment to DINOv3 is more
effective than using DINOv3 as an extra input, likely due to reduced modality
mismatch and more stable fine-tuning.

The qualitative comparisons in Fig. 6 visually support the above analysis.
Configuration B shows clear confusion in gender-related attributes; configuration
C retains high facial fidelity but fails to follow “holding a car key”; configuration
D better follows the action instruction, yet facial fidelity drops and slight iden-
tity confusion emerges. Overall, configuration A offers a more stable trade-off
between instruction following and identity consistency.

Effectiveness of alignment depth. To study the effect of alignment depth
for the RA loss, we treat w/o Lra as depth = 0 and compare different depths.
As shown in Fig. 7 (a), TotalScore follows an “increase-then-decrease” trend and
peaks at depth = 9, suggesting that moderate depth yields a favorable trade-off.
FaceSim decreases monotonically with depth (Fig. 7 (b)), indicating that overly
deep alignment weakens subject identity fidelity, while NaturalScore generally
increases with minor fluctuations (Fig. 7 (¢)), indicating that deeper alignment
improves naturalness. Based on this observation, we set depth = 9 by default.

Effectiveness of alignment encoder. To evaluate the impact of the alignment
encoder on the RA loss, we ablate encoder size and type. As shown in Tab. 3,
using an alignment encoder consistently outperforms w/o Lra under both set-
tings, suggesting the benefit of external representations as RA targets. In the
size ablation, DINOv3-B/L/H+ all bring substantial gains, with only 0.33%
to 0.43% variation in TotalScore, indicating that RA loss is robust to encoder
size. Considering the trade-off between performance and computational cost, we
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Fig. 7: Effect of alignment depth on three key metrics. Subfigures (a), (b), and (c)
illustrate how alignment depth affects TotalScore, FaceSim, and NaturalScore, respec-
tively. We treat w/o Lra as depth 0.

Table 3: Ablation study on the impact of the alignment encoder in RefAlign on the
OpenS2V-Eval.

Encoder TotalScoret Aestheticst MotionSmoothnesst MotionAmplitudet FaceSim? GmeScoret NexusScoreT NaturalScoret

w/0 Lra 49.93% 36.46% 88.97% 28.62% 68.45% 58.83% 38.63% 40.46%
Encoder size ablation

DINOv3-B 55.40% 38.83% 93.04% 22.49% 54.28%  66.07% 41.92% 66.62%

DINOv3-L 55.73% 41.53% 90.00% 29.53% 53.15% 67.54% 46.23% 62.96%

DINOv3-H+ 55.30% 43.72% 94.25% 20.09% 53.07%  66.90% 44.24% 61.48%
Encoder type ablation

DINOv3-L 55.73% 41.53% 90.00% 29.53% 53.15% 67.54% 46.23% 62.96%

SigLIP2-So 54.25% 43.95% 94.79% 17.90% 46.00%  68.43% 40.81% 65.00%

Qwen2.5-VL-7TB  53.12% 37.50% 92.09% 32.13% 44.96%  64.40% 45.07% 63.43%

use DINOv3-L as the default. In the type ablation, the improvement gener-
alizes across different encoders (DINOv3-L, SigLIP2-So, and Qwen2.5-VL-7B),
indicating it is not tied to a specific architecture. They also show distinct met-
ric preferences: DINOv3-L performs best on consistency-related metrics (e.g.,
NexusScore and FaceSim), SigLIP2-So favors quality and naturalness metrics
(e.g., Aesthetics, MotionSmoothness, and NaturalScore), while Qwen2.5-VL-7B
performs better on MotionAmplitude. Overall, DINOv3-L achieves a favorable
trade-off.

4.5 User Study

We conduct a user study with 30 vol-

Lose Rate Tie Rate Win Rate
unteers evaluating visual quality, ref- g L00% oo
erence fidelity, and video—text align-
. . Phantom 34.7% 21.3% 44.0%
ment. For each comparison pair, two
videos from different methods are  vmop =% B0% 7%
80 100

shown anonymously in random order, »

and participants choose the better one )
or a tie. As shown in Fig. 8, Re- Flg. 8: User s.tudy results comparing Re-
fAlign with Kling, Phantom, and VINO.

40 60
Rate (%) — User Study

fAlign achieves the highest overall hu-
man preference.
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5 Conclusion

This paper presents RefAlign, a representation alignment framework to enhance
controllability in R2V generation. RefAlign aligns the reference-branch repre-
sentation to an underlying vision foundation model (VFM) at the feature level
via a reference alignment (RA) loss, helping alleviate copy—paste artifacts and
multi-subject confusion from modality mismatch. The alignment is applied only
during training and removed at inference, incurring no inference-time overhead.
Extensive experiments show that RefAlign outperforms SOTA methods (e.g.,
Klingl.6, Phantom, and VINO) in reference subject fidelity and consistency. We
hope this work provides new insights into reference-driven video generation and
video editing, and further may promote a unified modeling paradigm for visual
understanding and generation.

Limitations and future work. Limited training data diversity currently pre-
vents an optimal balance between instruction following and reference fidelity.
Moreover, the underlying foundation model limits RefAlign to 81-frame videos,
restricting long-video generation. In addition, a single VFM guidance signal may
be incomplete, as different VFM features emphasize different aspects of visual
representations. Future work includes using more diverse data to improve the
trade-off, extending R2V to longer videos, and combining multiple VEM features
as alignment targets for more robust and comprehensive alignment.
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