Tea-Adapter: Teacher Adapter for Efficient Conditional Generation
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Figure 1. Visual results of Tea-Adapter. We propose the Tea-Adapter, a plug-and-play adapter that enables efficient training and flexible
extension to diverse conditions, including both single conditions (e.g., canny, pose, depth) and multiple condition compositions (e.g.,
camera trajectory, image background, human motion) with minimal GPU consumption.

Abstract

We propose Tea-Adapter, a plug-and-play adapter de-
signed to efficiently integrate conditional knowledge from a
smaller teacher model into a larger student video diffusion
model. Existing controllable video DiT methods face crit-
ical challenges: full fine-tuning of billion-parameter mod-
els is extremely expensive, while cascaded ControlNets in-
troduce substantial parameter overhead and exhibit lim-
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ited flexibility for novel multi-condition compositions. To
overcome these issues, Tea-Adapter introduces a novel re-
verse distillation method that enables large video diffusion
models to inherit precise control capabilities from smaller,
efficiently tuned teacher diffusion models, eliminating the
need for full fine-tuning. Moreover, recognizing the intrin-
sic relationships between different conditions, we replace
the cascaded ControlNet design with a Mixture of Con-
dition Experts (MCE) layer. This structure dynamically
routes diverse conditional inputs within a unified architec-
ture, supporting both single-condition control and multi-
ple condition combinations without additional training cost.
To achieve cross-scale knowledge transfer, we further de-
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Figure 2. The illustration of latent feature distribution trans-
formation. The design of our method is essentially about efficient
feature transfer of control signals.

velop a Feature Propagation Module to ensure efficient
and temporally consistent feature propagation across video
frames. Experiments demonstrate that Tea-Adapter en-
ables high-fidelity, multi-condition video synthesis, making
advanced, controllable video generation feasible on low-
resource hardware.

1. Introduction

Recent advances in Diffusion Transformers (DiTs) have
revolutionized high-fidelity video synthesis driven by vari-
ous conditions, enabling unprecedented visual quality [36].
However, generating spatiotemporally coherent content
solely through text remains challenging due to the lack of
guidance for fine-grained structural details (e.g., object lay-
outs, motion trajectories). To address this, control con-
ditions, such as bounding boxes, segmentation maps, and
depth maps, have been integrated into diffusion frame-
works. Notably, ControlNet [59] and T2I-Adapter [34]
have emerged as dominant solutions, extending Stable Dif-
fusion [12, 37, 42] with lightweight adapters to support di-
verse input conditions, fostering broad adoption in control-
lable image generation. These methods enhance the condi-
tional control capability of models by freezing the parame-
ters of the main image generation network and introducing
additional trainable parameters. When handling multiple
conditional inputs, a common approach is to introduce ad-
ditional ControlNets, each specialized for a specific condi-
tion [48]. However, this strategy leads to a linear increase in
model parameters and requires repeated training processes
for each new condition, resulting in significant computa-
tional overhead. Recent efforts Lin et al. [22] attempt to
mitigate this by incorporating adapter modules and routers
to combine multiple pretrained ControlNets for image dif-
fusion models. Despite these improvements, such meth-
ods still rely heavily on existing pre-trained ControlNets,
require substantial training resources, and exhibit limited
extensibility to novel conditions.
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Figure 3. Motivation of our method. Compared to previous
methods, our framework only requires training adapters in low-
resource environments to support diverse conditions, eliminating
redundant training efforts.

Despite advancements in adaptive condition generation
for video synthesis, current frameworks still face three crit-
ical challenges: (1) Training Efficiency: Fine-tuning Con-
trolNets for DiT-based video diffusion models necessitates
an enormous number of parameters. Incorporating a new
conditional control typically requires about 0.5 billion pa-
rameters and significant computational resources (exceed-
ing 48 GPU hours) for high-quality datasets. This imposes
a substantial resource burden, compounded by the fact that
state-of-the-art video models now have over 14 billion pa-
rameters. (2) Inflexible Multi-Condition Fusion: Prior
works have extended conditional control from image gen-
eration to video generation tasks. While image-generation
ControlNet architectures have been adapted for video tasks,
they fail to address specific video control requirements,
such as camera motion, background, or character features.
Crucially, combining multiple conditions often relies on
cascading specialized ControlNets. For a typical multiple
conditions setup, it needs to train each separate ControlNet
to learn each and equip it with a large base model (e.g.,
the Wan2.1 14B model), and the conditions cannot be dy-
namically integrated. (3) Limited Condition Consistency:
Image-conditioned adapters often fail to maintain temporal
and conditional coherence when applied to video genera-
tion, resulting in visible artifacts, including frame flickering
and unstable content such as fluctuating characters or back-
grounds. Although some extended approaches introduce
temporal convolutions and linear projection layers into Con-
trolNets, they still do not explicitly model the spatial cor-
respondence and time-step alignment between condition-
ing features. This fundamental limitation necessitates large
volumes of training data and extended training time, while
still failing to ensure stable and controllable generation out-
comes. At the same time, as shown in Figure 2, we noticed
that small and large models within the same architecture
family exhibit strong feature similarity (detail in the sup-
plementary materials ), allowing knowledge, particularly in



latent space, to be ef ciently transferred from a ne-tuned 35, 57]. Alarge number of diffusion-based video generation
small model to a large pretrained foundation model. More- approaches are built upon the Stable Diffusion [2, 30, 42],
over, we note that low-resource ne-tuning can equip small encompassing three fundamental components: an autoen-
models with richer and more diverse conditional control coder that transforms raw videos into a compact latent
abilities than those achieved by single-condition Control- space [50]; a text encoder tasked with extracting text em-
Net adaptations. beddings [40]; and a neural network, optimized through
To overcome these limitations, we propose a unied diffusion processes, [13, 18, 39] that learns the distribu-
framework centered on three innovations: First, we intro- tion characteristics of these video latents. In terms of ar-
duce Tea-Adapter, a novel and ef cient method developed chitectural design, the U-Net, originally devised for image
with minimal training overhead for conditional video syn- generation tasks, has been adapted to video generation by
thesis. Instead of training a full video model, it enables integrating temporal dimensions. Notably, Diffusion Trans-
synergistic collaboration between large foundation modelsformers (DiTs)[4, 10, 25, 36, 44, 55], which employ ex-
and small video diffusion models, as shown in Figure 3. Un- clusively transformer blocks, have exhibited superior per-
like previous methods, we have found that small models andformance over U-Net architectures in the domain of visual
large models with the same architecture can achieve crossgeneration.
scale knowledge bridging. Second, we design a Mixture of
Condition Experts (MCE) that concurrently processes het-
erogeneous input conditions for video generation tasks in
a single forward pass, and we nd the intrinsic relation-
ships between different visual conditions, thereby elimi-
nating repeated training cycles. Unlike previous adapter-
based methods, MCE employs dynamic routing to activate
relevant experts for conditions, leveraging inter-condition
synergies learned during joint training. As shown in Fig-
ure 6, this results in fewer parameters compared to Multi-

trolNet [48]. Thi I Feat P - " ) .
ControlNet [48] ird, we develop a Feature Propaga condition has driven the development of parameter-ef cient

tion Module to ensure feature reversed propagation. Condi- daptation methods. Notabl roaches in this domain in
tional features from the adapter are scaled and projectedintoa aptation methods. Notable approaches s doma i

each video DiT block, aligning the injected controls with clude _Cogt(er;fNe_t [59] a;dl T2|?Adapter [34]’d\g.h'Ch Tznab:je_
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work for controllable video generation. Our contributions \;Vl?rﬁetgﬁi&ogtsrggt'ﬂfaﬂfgﬁ'rz?;inﬁglesls eto giﬂg?ﬁ?gfﬁ
are summarized as follows: 9 gnals (e.g., , dep

« We present Tea-Adapter, a plug-and-play adapter to trans-maps? while pl)reser\_/mQ g|gh generative ql:alltyc.j d
fer the controllable knowledge from small-parameter UniControl [38] introduces a MoE_—stye A apter. an
video models to large-parameter models ef ciently. a Task-aware HyperNet to support diverse tasks within a

single model. However, its task adaptation mechanism

e Technically, we rst design a Mixture of Condition Ex- Jesianed f i , dd lcit
perts (MCE) layer that covers various control signals with IS designed for FEXt Instructions and does r_lc_)t exp 'C'ty
model relationships between tasks and conditions. Multi-

dynamic expert routing. It shows the ability to adapt to
4 P ¢ y P ControlNet [48], which enables composite control, suf-

unseen conditions by learning the intrinsic relationships i e . X
between different visual conditions. fers from isolated branches that limit composability. Uni-
« To achieve reversed condition distillation, we develop a ControlNet [63] addresses this by 9”’“9‘”9 conditions into
Feature Propagation Module that ef ciently ensures con- Io_ca_l and_ global controls, supportmg (_:omp_osable qont_rol
dition coherence during feature transfer in the denoising W"h”ﬁ asingle model. Nevertheless,_lts |nab_|l|ty F(.) mamt_am
stage. consstgncy across frames hinders |t§ applicability to v!deo
generation. Inspired by ControlNet, DiT-ControlNet [7] in-
2 Related Work corporates zero modules into the DIT architecture to learn
new conditions without training the backbone model. While
Video Diffusion Model Generative modeling has pro- effective, this approach incurs signi cant training overhead.
pelled remarkable advancements in large-scale video mod-Ctrl-Adapter [22] injects latent feature maps into video gen-
els, with diffusion-based frameworks emerging as a promi- eration models using image ControlNets and adapters in-
nent area of development[1, 6, 9, 11, 17, 24, 26, 29, 31, 33,serted into each DiT block. However, it struggles to main-

Controllable Generation in Diffusion Models The re-
markable success of diffusion models [3-5, 8, 14, 19—
21, 23, 27, 28, 32, 45-47, 51-53, 58, 61, 62] has spurred
substantial interest in controllable video generation. To ad-
dress the need for ne-grained control over diffusion-based
synthesis, researchers have explored a wide range of condi-
tional inputs, including depth maps, Canny edges, reference
images, and multimodal combinations. However, the com-
putational cost of full-parameter ne-tuning for each new



tain temporal consistency across video frames. By contrastyideo diffusion model within the Feature Propagation Mod-
Tea-Adapter takes only a single condition while still being ule, our design ensures consistent conditional and tempo-

capable of both multi-condition and zero-shot learning. ral representation throughout the bridging stage of the dif-
fusion process. At the same time, consider increasing the
3. Method minimum number of additional parameters.

3.1. Task De nition Mixture of Condition Experts. Observing that intrin-
Given a text description T, diverse visual conditions C, sjc connections exist among different conditioning signals,
large text-to-video diffusion model,F conditional small such as between canny edges and depth maps shown in F|g_
video diffusion model E, the goal of Tea-Adapter Sisto  yre 3, we are inspired to develop a uni ed architecture that
transfer various control signal guided generation ability in |everages these relationships for multi-condition generation.
Fs to F without additional ControlNet training. A core re-  To avoid the inef ciency of retraining for each new condi-
quirement of S is that ¢, aligns with both text description  tion while ensuring high scalability and zero-shot adapta-
T and diverse visual conditions C. Formally, this condi- tion capability to unseen conditions, we introduce a Mixture
tional video generation task is formulated as: of Condition Experts (MCE) layer. This module comprises
a specialized set of experts within Tea-Adapter that work to-
Vgen = F1 (T: S(Fs(C))): @) getFr:er to capture andpintegrate latent featLFJ)res from diverse
gonditional inputs, such as depth maps, Canny edges, and
human poses. Within the MCE layer, different experts are

tion mechanism between the Small Video Diffusion Model designed to simultaneously learn from various conditional
Tea-Adapter, and Large Video Diffusion Model. Section 3.3 ;ignals. On'ly a sparse subset. of experts js activgted dur-
describes the details of adapter design, which enables ef -IN9 Processing, enabling effective and ef cient fusion un-

cient transfer of control conditions across different model d€r Poth single and multi-condition settings. This structure
scales. further allows the model to exhibit zero-shot generalization

to new, unseen conditions during inference. Moreover, the
3.2. Tea-Adapter Training Strategy MCE layer offers high extensibility. When introducing a
new condition or task, new experts can be seamlessly added.
These experts can be initialized using weights shared from
existing experts, facilitating rapid convergence with mini-
mal training data.

Our MCE layer consists of two types of parameterized
experts: shared expertg Bnd condition-speci ¢ experts
E.. This design enables zero-shot generalization to un-
seen conditions by leveraging knowledge from related ex-
pert modules. Mathematically, given a set of K feature to-

Our designs are detailed in subsequent sections: Section 3.
presents the overall architecture of F, outlining the interac-

The framework in Figure 4 illustrates our methodology for
enabling ef cient transfer of scalable multi-condition con-
trol knowledge. Tea-Adapter propagates the knowledge
from a small video diffusion model to a large one, keeping
the parameters of both pretrained models frozen. Notably,
the small video diffusion model, initialized from a pre-
trained text-to-video diffusion model, requires prior ne-
tuning or LoRA training [15] to adapt to multiple condi-
tions. Since the large video diffusion model has a different
number of DiT blocks than the small model, we select the
rst, last, and several middle DiT blocks to transfer condi-
tional latent features to the large model. This design allows

tional output '°® in timestep t as:

us to train only the Tea-Adapter, resulting in signi cantly hi" = ak(ck:t) Eq (X350 2
higher ef ciency compared to ne-tuning the large model k=1
itself. where g (ck; t) = Softmax(MLP 4([cy; t])) denotes the gat-

. ing function that assigns weights to each expeyt liased
3.3. Adapter Architecture on the input conditionicand ¢ is adapter attention module
Cross-Scale Knowledge Bridging. Inspired by Control-  output. The shared experi & integrated via:

Net, conditional information is effectively injected into

the target backbone using trainable copie};, othhe diffusion B () =Es(xiD+ E o (XT3 ©)
model block and zero-initialized linear layers. As illustrated where E., represents the condition-speci c adaptation
in Figure 4, our Tea-Adapter for the DiT-based video diffu- parameters. During inference, only the relevant experts
sion model employs a novel architecture consisting of threeare activated via dynamic routing, reducing computational
key components: attention modules, Mixture of Condition overhead. Empirically, this design achieves state-of-the-art
Experts(MCE), and a Feature Propagation Module. Lever- multi-condition synthesis with fewer parameters compared
aging the MCE layer to dynamically route condition tokens to naive Multi-ControlNet baselines while maintaining con-
and adapt the timestep embedding t derived from the smalldition and temporal consistency across frames.



Figure 4. Overview of Tea-Adapter. Left: To drive a large text-to-video diffusion model with new conditions, we rst feed the condition
latents to a frozen small pretrained conditional diffusion model, whose features are rst injected into Tea-Adapter and then mapped to the
frozen large diffusion model. Right: For each adapter, we design an Mixture of Condition Experts (MCE) layer to learn multiple control
signals and a Feature Propagation module to transfer knowledge ef ciently.

Feature Propagation. To efciently transfer condition that the large model's prior knowledge is augmented with
information from the large model to the small model, we condition-speci ¢ information while preserving its struc-
introduce a Feature Propagation Module that includes a tural integrity. Through this module, Tea-Adapter effec-
learnable modulation factor, a time projection layer, and tively bridges the gap between small, specialized models
an Up-Projection layer. The Up-Projection layer lever- and large foundation models, enabling ef cient knowledge
ages a linear layer to transfer condition information from transfer across scales. Empirically, it reduces trainable pa-
the small video diffusion model to the large video diffu- rameters by 70% (without MCE layer) compared to DiT-
sion model. Then, the learnable scaling modulation with a ControlNet while maintaining comparable performance.
time projection layer dynamically adapts condition features
into the large video diffusion model. Those designs enable
Tea-Adapter to modulate latent feature contributions based .
on the denoising stage adaptively. Speci cally, given the 4. Experiments

adapter's latent feature?xat timestep t, we compute the

cross-attention output y betweep and the text embedding ~ 4-1. Implementation Details

. The feature propagation process is formalized as fol- ) o )
Iows: Tea-Adapter integrates Diffusion Transformer Blocks with

Multiple Condition Experts (MCE) Layer [43]. We conduct
(4) experiments using two open-source text-to-video diffusion
= Up _Proj(x?)  scale+ Up _Proj(h{"®); models as backbones: Wan2.1-1.3B and Wan2.1-14B [51],
. as well as CogVideoX-2B and CogVideoX-5B [14]. Train-
Where se denotes a learnable scale moc_iulatlon factor ing required approximately 2 days on 1 NVIDIA H100
that the latent feature transfe_rs to the _targ_et video backboneSOGB GPU. We sampled 15K videos from the Koala-36M
The overall feature propagation function is de ned as dataset [54] and generated degraded versions by convert-
X?" =uX & co it ); (5) ing samples to grayscale and downscaling to low resolu-
tion. Before training, we extracted auxiliary conditioning
where ¥’ represents the adapter output and encompassessignals (human pose, depth maps, and Canny edges) from
the adapter's trainable parameters. The scale features arg)| videos. For evaluation, we manually curated 100 high-
then integrated into the large model's latent space via: quality videos spanning diverse content categories. For con-
ditional generation tasks involving reference videos, we re-
port LPIPS [60], SSIM [56], CLIP Score(semantic corre-
Where x is the latent large video diffusion model dur- spondence between generated and reference content), and
ing the denoise stage. This additive integration ensuresFVD metrics [49].

SCahs Modulation + Time _Proj(t);

xt=xt+x§*°; (6)



Figure 5. Qualitative comparisons with baselines. “Ctrl” stands for “ControlNet” and “Apt” stands for “Adapter.” We perform the
visual comparison with ve baselines using the same conditions, while the image-based method shows poor performance in cross-frame
consistency, and our method obtains better performance in the adapter-based methods.

Table 1. Comparison of state-of-the-art baselines. The best result in each column is bolded, and the second best is underscored

Canny Edge Depth Map Pose

Model Temporal

FVD# CLIP" LPIPS# SSIM" FVD# CLIP" LPIPS# SSIM" FVD# CLIP" LPIPS# SSIM" Consistency"
X-Adapter [41] - 0.545 0.736 0.209 - 0.517 0.759 0.127 - - - - 0.754
Uni-ControlNet [64] - 0.642 0575 0322 - 0531 0778 0214 - 0509 0.823 0.188 0.763
UniControl [38] - 0584 0773 0.268 - 0572 0791  0.178 - 0541 0741  0.207 0.876
Ctrl-Adapter [22] 427.060 0.757 0.358 ~ 0.619448.291 0.785 0.352  0.616 487.429 0.712 0.672 0.304 ~0.981
DiT-ControlNet [7] 425.249 0.781 0.551 0.369 540.573 0.729 0.686 0.304 537.123 0.645 0.777 0.295 0.978
Wan2.1-14B( ne-tuned) 229.186 0.919 0.187 0.675 254.238 0.91P.193 0.664 200.911 0.926 0.161 0.691 0.979
Ours 289.565 0.918 0.255 0585 292.341 0.913 0.251 0591 300.582 0.903 0273 0.573 0.984
4.2. Qualitative Results ural movements. For depth control generation, our frame-

work demonstrates a superior understanding of 3D geom-
We visually compare the performance of our method againstetry, producing outputs with geometrically plausible struc-
baseline models across three key conditions (Canny edgedures from depth maps and surface normals. Ctrl-Adapter,
Depth maps, and Openpose skeletons) in Figure 5. Ourby comparison, exhibits noticeable geometric inconsisten-
approach consistently outperforms alternatives in both vi- cies, such as distorted character proportions and implausi-
sual quality and alignment with input conditions and text ble spatial relationships between objects. The X-Adapter
prompts, as validated by the qualitative examples. Un- captures basic human semantics but suffers from signi -
der pose control, our method achieves signi cantly tighter cant inter-frame variations in character appearance, lack-
spatial alignment with input skeletons compared to base-ing the temporal consistency necessary for video genera-
lines. For the prompt “a woman walking along the shore- tion. Our method, however, maintains both geometric -
line” on Figure 5, our results accurately adhere to pose delity and cross-frame coherence. For edge-guided genera-
constraints while maintaining natural motion. In contrast, tion, our model outperforms ControlNet-based methods in
UniControl and Uni-ControlNet misinterpret skeletal con- edge preservation and structural consistency. As shown in
gurations. For instance, the blue-dressed woman in their Figure 5, this advantage is particularly pronounced in mo-
outputs exhibits inconsistencies in appearance and motiortion details, for example, the leg movements of the yellow
coherence, with subtle frame-to-frame discrepancies undercheetah in the examples, where competing methods exhibit
mining temporal consistency. Our model, by contrast, pre- noticeable blurring or edge misalignment. Our results re-
serves precise pose adherence while ensuring smooth, natain sharp, faithful alignment with input edges while pre-
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