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1. Appendix

1.1. Details of Data Pipeline

Here, we provide additional details on the pipeline for ex-
tracting anchor frames. For the global anchor, since we can
control how each 5s training clip is segmented from a long
video, we know the exact start and end timestamps of each
clip. This allows us to extract global frames both inside and
outside the training clip.

Regarding the viewpoint anchor, we leverage the world-
grounded human motion recovery method GVHMR [11]. It
represents human motion using the 3D body model SMPL
[8] (a widely used parameterized human model [2–4, 7, 13–
16]) and recovers human motion directly from videos.
Specifically, it estimates the facing direction of the person,
which can be represented by the Z-axis orientation of the
SMPL root joint. In addition, such methods typically use
SLAM [12] to estimate the camera pose. By computing
the angle θ between the camera orientation and the human
orientation, and determining a threshold based on empiri-
cal observations across multiple test cases, we can distin-
guish frames in which the person is facing front, backward,
left, or right. These categorized frames are then extracted
as viewpoint-anchor frames.

For expression anchors, we adopt a hybrid extraction
strategy. We first use EmotiEffLib [9, 10] to scan video
clips and identify frames containing any of the predefined
eight expression categories, selecting only clips that include
at least two distinct expressions. Although this method ef-
fectively identifies candidate clips, the expression category
assigned to each extracted anchor frame may still be am-
biguous. To address this issue, we further use an MLLM
(e.g., Gemini [1]) to verify whether the predicted expres-
sion matches the semantic content of each anchor frame. If
the prediction is incorrect, we correct the frame to the ap-
propriate category through the MLLM; if it does not belong
to any defined category, we discard it. This refinement pro-

Table 1. Ratios of different categories in viewpoint-anchor.

Viewpoints Front Back Left Right

Ratio 29.6% 17.3% 27.9% 25.2%

cess increases the accuracy from 66% to 82%.

1.2. Training and Inference Details
Here we provide additional training details for content an-
chors. First, video clips that simultaneously contain dif-
ferent expressions and viewpoints are relatively scarce.
Thanks to our proposed “RoPE as Weak Condition”, which
binds each type of content anchor to a fixed position, the
model can be trained in a mixed manner to learn how to
extract information from different types of anchors. Specif-
ically, we first balance the number of anchors across all cat-
egories, with the final ratio of viewpoint anchors is shown
in Tab. 1. The ratio of expression anchors is reported in Tab.
2. Then, we ensure that training batches contain a balanced
mixture of expression-anchor frames and viewpoint-anchor
frames, and training with a batch size of 256 for 3000 steps.
Afterward, we perform a fine-tuning stage (200 steps) on
a small subset of data that contains both types of anchors,
allowing the model to adapt to scenarios where multiple an-
chor types appear simultaneously. Note that the global an-
chor remains throughout the entire training process.

Regarding the linear blend in continuation generation, let
the last n frames of the previous chunk be x1, and the first n
frames of the next be x2, blended as: w ∗x1+(1−w) ∗x2,
n = 4, w = [1, 0.67, 0.33, 0], applied at the clean latent
level.

1.3. Subject Evaluation Protocol
Regarding the subject evaluation, we refer to certain dimen-
sions of existing benchmarks [5, 6, 17, 18] and make an A/B
testing protocol. For each evaluation dimension, annotators
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A young adult woman with shoulder-length, straight hair dyed a 
teal-green color. She has dark eyes, is wearing light makeup with 
coral-colored lipstick, and has a thin gold chain necklace around 
her neck. She is wearing a light blue or grey V-neck top with 
long sleeves. She shows a fearful expression, displaying clear fear 
and anxiety on the face. No camera movement. Then she shows a 
happy expression, showing genuine on the face. No camera 
movement. After that, she exhibits a sad expression, conveying 
deep sadness and melancholy on the face. No camera movement.

A young adult woman with fair skin and 
reddish-brown hair styled in a high bun. She 
has defined eyebrows, light-colored eyes, and 
is wearing a pale green, ribbed, off-the-
shoulder top. She displays a happy expression, 
showing genuine joy and cheerfulness on the 
face. Then she shows a surprised expression, 
displaying clear astonishment and shock on 
the face. No camera movement.
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Figure 1. Qualitative results of the expression anchors. The first row shows the inputs, the second row shows the results with the expression
anchor, and the third row shows the results without the anchors.

Table 2. Ratios of different categories in expression-anchor.

Expressions Surprise Angry Disgust Fear

Ratio 15.0% 8.2% 13.7% 10.1%

Expressions Contempt Neutral Happy Sad

Ratio 13.6% 8.1% 14.6% 16.7%

are presented with a specific question to choose the better
result, and they are also asked to provide the reason for the
choice. Below, we list several example questions for refer-
ence.

Questions for reference-based aspects:
• Between the two videos below, which one better pre-

serves the multi-view appearance details shown in the ref-
erence images?

• Between the two videos below, which one better follows
the prompt-specified expression, with facial details more
closely matching the reference image?

• Between the two videos below, which one exhibits more
natural overall motion when reference frames are pro-
vided?
Questions for general aspects:

• Consider the following aspects for video color con-
sistency: severity and frequency of overall color tone
changes, background color shifts, and visual inconsisten-
cies throughout the entire video. Which of the provided
videos maintains the better overall color consistency?

• Consider the following aspects for movement naturalness:
fluidity and continuity of actions and expressions, coordi-
nation between different body parts, naturalness of facial
expression changes, realism and believability of move-

(a)

(b)

Figure 2. Subject Evaluation of (a) expressive identity consistency,
and (b) multi-view appearance consistency.

ments, and overall naturalness of all movements through-
out the entire video. Which videos have higher movement
naturalness?

• Consider the following aspects for lip sync quality: sever-
ity and frequency of timing synchronization misalign-
ment, pronunciation lip shape mismatch, and movement
amplitude mismatch throughout the entire video. Which
of the provided videos has higher lip sync quality?

1.4. More Experimental Results
We provide more qualitative results illustrating the effect of
the expression anchor. As shown in Fig. 1, when the expres-
sion anchor is provided, the character produces more accu-
rate facial expressions, and the facial details remain more
consistent across different expressions.

In the main paper, we present the overall subject evalu-



Figure 3. Comparison of subject evaluation results with human-
centric models across multiple evaluation dimensions.

Table 3. Quantitative comparison results on CelebV-HQ with
the human-centric methods. Fantasy. denotes FantasyTalking,
Huny.A. is HunyuanAvatar and Infinite. indicates InfiniteTalk.

Method IQA↑ AES ↑ Sync-C ↑ Sync-D ↓ FID/FVD ↓
Fantasy. 3.48 2.26 2.88 10.39 37.43 / 108.92
Huny.A. 3.40 2.28 5.17 8.37 28.39 / 93.49
WanS2V 3.56 2.33 4.99 8.40 36.10 / 93.73
Infinite. 3.47 2.31 5.20 8.29 29.56 / 76.39

Ours 3.59 2.33 5.62 8.06 25.50 / 90.86

ation results. Here, we provide more detailed results along
individual dimensions: identity consistency across expres-
sions is shown in Fig. 2 (a) and multi-view appearance
consistency is shown in Fig. 2 (b), and comparisons with
human-centric models are shown in Fig. 3.

In addition to the results on the combined testset from
human-centric baselines reported in the main paper, we
also provide comparisons against these baselines on pub-
lic datasets such as CelebV-HQ [19]. We use 100 cases in
total, and the results are summarized in Tab. 3.

We also compare the 5B and 17B models during training
(10M data): the 5B model is weaker than the 17B across all
dimensions. Regarding the data, we report the performance
(17B) under 2M and 10M training clips, shown in Tab. 4.
This also aligns with the user study results.

Table 4. Performance in different model sizes (a) and different
data scales (b).

Size IQA ↑ AES ↑ Sync-C ↑ Arcface ↑
5B 4.58 3.54 4.93 0.583
17B 4.65 3.63 5.12 0.787

(a)

Data IQA ↑ AES ↑ Sync-C ↑ Arcface ↑
2M 4.53 3.57 5.03 0.623

10M 4.65 3.63 5.12 0.787

(b)
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