Tea-Adapter: Teacher Adapter for Efficient Conditional Generation

Supplementary Material

1. Latent Distribution Statistic Analysis

To evaluate the transferability of feature distributions be-
tween the large and small models, we randomly selected
a single data sample as input and conducted a statistical
analysis of the latent spaces in the Diffusion Transformer
Blocks of both models. We pair the DiT Blocks of the 1.3B
model and the 14B model according to a specific sequence
(Wan2.1 14B-T2V block index: [0, 4, 8, 12, 16, 20, 24, 28,
32, 36]; Wan2.1-1.3B(fine-tuned from 1.3B-T2V) block in-
dex: [0, 2, 5, 8, 11, 14, 15, 18, 21, 24]), and then conduct
statistical analysis.

The analysis metrics were divided into two components:
(1) Post-PCA dimensionality reduction: Statistical mea-
sures including mean correlation, standard deviation corre-
lation, covariance similarity, Wasserstein distance, etc.; (2)
Calculation of direct distribution distance: Metrics calcu-
lated without dimensionality reduction, such as Wasserstein
distance and matrix similarity.

Figure 9. Latent feature similarity between two scale mod-
els. Observing the latent features of the first few and last few
DiT Blocks in the two models exhibits high similarity, whereas
the latent features of the middle Blocks show relatively low sim-
ilarity. The two models exhibit volatility differences at different
network levels, but the ultimately generated latent space represen-
tations have global consistency.

Results from this analysis are presented in Figure 9. We
first analyzed the metrics from the paired DiT Blocks to
characterize the relationship between the two latent space
distributions. While distributional similarity varied substan-
tially across blocks (e.g., Wasserstein distance ranged from
5.7 to 24.3, and distance correlation values spanned 0.03
to 0.81), classifier accuracy remained consistently close to
0.5 (range: 0.458-0.472) across all blocks. This observa-

tion indicates that although the local statistical properties
of the two latent spaces differ, their overall representations
are highly analogous and indistinguishable by a classifier
across all model blocks. From our analysis results, we ob-
serve that the latent features of the first few and last few DiT
Blocks in the two models exhibit high similarity, whereas
the latent features of the middle Blocks show relatively low
similarity. Inspired by this phenomenon, the Adapters in
Tea-Adapter are primarily concentrated in the first few and
last few Blocks, while the middle Blocks are equipped with
fewer Adapters that are evenly spaced. This design is in-
tended to effectively facilitate the transfer of features from
the small model to the large model.

In Table 5, we compared the performance of early, deep,
and uniform layer selections. Ultimately, we found that the
uniform-layer setup achieved the best performance. Mean-
while, the analysis of Figure 11(e) reveals that early layers
provide rich semantic information, while deep layers offer
low-level features.

In conclusion, our analysis of the paired DiT Blocks re-
veals that the latent space distributions of the two models
are generally analogous, though their similarity varies sub-
stantially across blocks: some blocks exhibit strong similar-
ity, while others show notable divergence. For the feature
transfer, a block-by-block strategy is therefore well-suited
blocks with high similarity metrics are more amenable to
direct transfer or distillation. Building on this insight, our
work aims to develop a method for adapting features across
DiT Blocks between small and large video diffusion models
to enhance the efficacy of reversed distillation.

Layer Selection FID| LPIPS| SSIM1 CLIP?T

Early layers 223.7 0.522 0.481 0.653
Deep layers 346.5 0.795 0.266 0.521
Uniform layers 62.4 0.241 0.828 0.921
w/o shared expert  193.9 0.443 0.675 0.761

Table 5. Ablation study of layer selection strategies.

2. Additional Architecture Detail

As shown in Figure 10, the core architecture of Tea-Adapter
consists of three main components: an attention module, a
Mixture of Condition Experts (MCE) layer, and a Feature
Propagation Module.

The attention module is a fundamental component within
each transformer block, comprising three key sub-modules:
LayerNorm layers, a self-attention mechanism, and a cross-
attention mechanism. The LayerNorm layer first normalizes
the input features to stabilize training. The self-attention
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Figure 10. Adapter detail. Our design builds upon the DiT Block
by incorporating the MCE Layer and an efficient Feature Propa-
gation Module (Up Projection and Scale Embedding), which are
the two key components enabling multi-condition integration and
low-resource efficient training.

mechanism then captures contextual dependencies among
spatial and temporal tokens. Finally, the cross-attention
module integrates conditional information (such as text or
structural guidance) into the visual representation. This de-
sign enables effective fusion of spatial, temporal, and con-
ditional features throughout the diffusion process.

The MCE layer includes the router, experts, and shared
experts. Each expert is made up of an MLP layer. The de-
fault setting has 1 shared expert and 3 task-specific experts,
and the topk weight is 2.

The Feature Propagation Module consists of a scale em-
bedding layer and an up-projection layer. The scale embed-
ding layer includes a scale factor o5 and a time embedding
layer that can efficiently achieve the transmission of con-
trol condition information. The time embeddings of other
layers are all initialized from the small model. These low-
dimensional features encapsulate condition-specific infor-
mation and enable seamless integration with the pre-trained
small model. To support efficient training and inference,
the MCE layer can be optionally removed, reducing the to-
tal parameter count by up to 50% without compromising
performance. The Feature Propagation Module comprises
an up-projection layer and a scale embedding mechanism,
which together facilitate efficient and robust transfer of con-
ditional features to the large diffusion model.

3. Training Setting and Data Process

Our model is trained with the following key hyperparam-
eters: a learning rate of 2 x 107>, a training batch size
of 2, a video sampling strategy that selects 24 frames per
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Figure 11. (a) Comparison of traditional adapter and our design.
(b) Detail of different MoE variants in the adapter design. (c¢) Acti-
vation analysis of experts in different layers. (d) More high-quality
visual cases. (e) Visual ablation analysis results in different layers.

video with a sampling stride of 2, a video sample res-
olution of 512x512 (denoted as video sample size=512),
a token sequence length of 512 (denoted as token sam-
ple size=512), 1 gradient accumulation step to stabilize
training, and mixed-precision training using the “bf16*
(bfloat16) format to balance computational efficiency and
numerical precision [2, 4, 5, 15].

For condition data preparation, we leverage three con-
ditions extracted from input frames: depth maps obtained
via Depth-Anything (a monocular depth estimation model),
structural boundaries extracted using a Canny edge detector,
and human pose skeletons retrieved through the OpenPose
framework, ensuring the model captures both global scene
geometry and fine-grained semantic details [1, 6—13, 16?
, 17].

4. Zero-Shot with Unseen Conditions

Our method demonstrated strong zero-shot generalization
ability after a small number of conditional adaptation train-
ing. Our model is trained exclusively on conditional video
data, including depth, pose, and Canny conditions. To
evaluate its zero-shot generalization capability, we test the
model on several previously unseen conditional inputs, in-
cluding normal maps, scribbles, segmentation maps, MLSD
edges, and line art. The result are shown in Table 6

Zero-shot performance analysis. The zero-shot gen-
eralization ability of our method stems primarily from the
shared experts in the MCE layer, which capture common
features across different conditions. This is supported by
the ablation study in Table 5, where removing the shared
expert leads to a rapid decline in performance. However,
it still faces challenges in certain complex scenarios, such
as videos with complex human motions or highly detailed
visual content. We will improve in future work.



Table 6. Zero-shot Generation Performance on Unseen Condi-
tional Inputs

Conditional FVD () LPIPS(]) SSIM(1) CLIP (1)
Canny(trained) 289.564 0.25 0.59 0.92
Normal Map 383.858 0.26 0.51 0.86
Scribble 350.504 0.25 0.52 0.87
Segmentation Map  385.048 0.27 0.49 0.86
MLSD 393.302 0.25 0.51 0.86
Line Art 331.156 0.23 0.52 0.88

Table 7. Experiment Between Different Scale Models

Model FVD(]) CLIP(1) LPIPS(l) SSIM (1)
Wan-Control-1.3B(T2V)  563.818  0.785 0.615 0.337
Wan-Control-14B(T2V)  501.102  0.801 0.576 0.351
Ours(T2V) 558492  0.786 0.629 0.341
Wan-Control-1.3B(I2V) ~ 312.613  0.896 0.205 0.572
Wan-Control- 14B(I2V)  254.238  0.913 0.193 0.664
Ours(12V) 303.202 0914 0.218 0.584

Interpretability of MCE. In Figure 11(c), first row, we
analyze expert activation across MCE layers under identical
settings but varying conditions. The highly similar yet dis-
tinct activation patterns indicate that experts capture shared
representations across conditions. The second row shows
that applying different conditions activates distinct experts
in each layer, suggesting specialization, where each expert
handles a specific type of knowledge.

5. Additional Experiment

Our method is also competitive compared to models that
have undergone large-scale pre-training under the same ar-
chitecture. It is noted that both our large and small models
are initialized from text-to-video models, with training data
of less than 100k and a time of less than 48 GPU hours.
We have conducted additional experiments comparing the
performance of our method against 1.3B and 14B parame-
ter models on both Image-to-Video (I12V) and Text-to-Video
(T2V) generation tasks. For the baseline models, we used
the pre-trained Wan2.1-Fun-Control model with 1.3B and
14B parameters, respectively. Our approach is based on the
Wan2.1-14B-T2V model, with depth maps consistently ap-
plied as the control condition. The I2V test set comprises
100 samples selected from the Koala-36M dataset [14],
whereas the T2V evaluation utilizes 1,000 samples from the
Panda-70M dataset [3].

As shown in Table 7, experimental results demonstrate
that our method achieves comparable performance to the
heavily trained 1.3B and 14B models in the 12V task, and
even outperforms the 14B model in the T2V task, demon-
strating highly competitive generation quality. These results
confirm that our approach effectively transfers knowledge

from the small conditional model to the large base model,
achieving strong performance with greater parameter effi-
ciency.
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