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Abstract

Text-video prediction (TVP) is a downstream video generation task that requires a model
to produce subsequent video frames given a series of initial video frames and text describing
the required motion. In practice TVP methods focus on a particular category of videos
depicting manipulations of objects carried out by human beings or robot arms. Previous
methods adapt models pre-trained on text-to-image tasks, and thus tend to generate video
that lacks the required continuity. A natural progression would be to leverage more recent
pre-trained text-to-video (T2V) models. This approach is rendered more challenging by
the fact that the most common fine-tuning technique, low-rank adaptation (LoRA), yields
undesirable results. In this work, we propose an adaptation-based strategy we label Frame-
wise Conditioning Adaptation (FCA). Within the module, we devise a sub-module that
produces frame-wise text embeddings from the input text, which acts as an additional text
condition to aid generation. We use FCA to fine-tune the T2V model, which incorporates
the initial frame(s) as an extra condition. We compare and discuss the more effective
strategy for injecting such embeddings into the T2V model. We conduct extensive ablation
studies on our design choices with quantitative and qualitative performance analysis. Our
approach establishes a new baseline for the task of TVP. Our code is open-source at https:
//github.com/Cuberick-Orion/FCA.

1 Introduction

Text-video prediction (TVP) (Gu et al., 2023 takes as input an initial frame or frames, and text describing
a particular motion (Figure . On this basis it generates subsequent frames wherein the existing content
undergoes the described motion. As a downstream video generation task, its configuration enables the study
of instruction adherence, as well as temporal consistency in the context of video extension given conditioning
frames, particularly in a fine-tuning setup. The established benchmark and datasets emphasize motions
carried out by human beings or robot arms in manipulating objects.

Given the relatively limited training data for TVP, methods for this task typically involve fine-tuning a pre-
trained generative model. The challenge, therefore, lies in guiding the pre-trained model in comprehending
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and adhering to the multi-modal conditions. While current methods (e.g., (Gu et alJ, |2023)) have made
admirable progress, they still fall short in generation quality, partly because they build upon text-to-image
models (Rombach et al., 2022). Given the recent success of large-scale pre-trained text-to-video generative
models (Hong et al.,| 2022; Yang et al., 2024b; Kong et all, 2024) particularly based on di usion transformers
(DIT) (Peebles & Xie| 2023), we propose to adapt such models towards the task of TVP. However, we
nd this goal non-trivial. The reasons are twofold. First, we empirically nd that low-rank adaptation
(LoRA) (Hu et al.,| 2022a), the standard method for ne-tuning generative models on domain-speci ¢ data,
yields undesired results on TVP. Second, text-to-video models are pre-trained to align to a text prompt
alone, whereas the task of TVP involves conditioning on the initial frames as well. Speci cally, it requires
the model to reason over the input frames and extend its future predictions upon them, while jointly taking
the text prompt into consideration.

Holding brown
case.

Initial frames
Xinit
Figure 1. Overview. Text-video prediction (TVP) y
models generate subsequent video frames on the ba- Y frames

sis of the initial frame(s) and a natural language
description of the required motion. Our method
leverages a pre-trained text-to-video (T2V) diu-
sion transformer (DiT) model, while introducing an
e ective adaptation method (FCA) for ne-tuning.
Our method integrates the initial frames, as well as
frame-wise text conditions to aid the generation.

Figure 3: An illustration of Frame-wise Con-
ditioning Adaptation (FCA) on di usion trans-
former (DiT). Right: an arbitrary pre-trained DIiT
block (Peebles & Xie, 2023). Left: the proposed
FCA module, introduced in Section 3.2, which in-
corporates frame-wise text conditioning discussed
in Section 3.3. We only show one DiT layer here
for clarity, but note that we separately apply the
same modules to every layer. y, x; denote the

Figure 2: Details of the frame-wise text con- text tokens and noisy latent for a DiT, respectively;
ditioning module inspired by Q-Former (Li [; ] denotes concatenation. xini; represents the la-
et al., 2023a), and its integration with FCA. tent of the initial frames introduced in Section 3.2,

We only show one DiT layer here for clarity, butnote ~ and Yrames is the frame-wise text conditioning em-

that we separately apply a frame-wise text condi- ~ beddings. A frame-wise attention mask is applied
tioning module to every layer. In total, we initialize ~ within the multi-head cross-attention module, which

and train D such modules for theD layers of the  is omitted in this gure, see Section 3.3. ; ;  are
DiT. This gure complements Figure 3 (FCA mod- the learned parameters of the adaptive Layernorm
ule, bottom-left block). ViT stands for the Vision (adaLN) (Peebles & Xie, 2023). The trainable mod-
Transformer (Dosovitskiy et al., 2020). ule is marked with a re symbol. See Figure 2 for

details of the frame-wise text conditioning module.

The proposed approach requires an adaptation strategy tailored to the task setup. We have thus developed an
e ective design based on a DIiT model, as shown in Figure 1. Speci cally, we inject parallel attention modules
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into the layers of the DiT, whose output is added back in a residual manner. Meanwhile, we freeze the pre-
trained DIT to avoid disrupting its ability to process video. To integrate the initial frames as a condition,
we propose to use a frozen copy of the DIT model to extract the latent of such frames, and incorporate this
information into video generation through cross-attention. The strategy is similar to some zero-shot subject-
driven personalized image generation methods (Jia et al., 2023; Purushwalkam et al., 2024; Duan et al.,
2024) in that their approach is to capture the visual characteristics of the subjects from the user-provided
images. We qualitatively validate that our design yields superior performance over standard ne-tuning
techniques such as LoRA; and demonstrate the e ectiveness of our approach in integrating the initial frames
in comparison to well-established practices of enabling additional control, such as ControlNet (Hu & Xu,
2023). We report empirical ndings and training tricks to aid future work in ne-tuning such DIiT models
via adaptation.

We additionally seek to apply frame-wise text conditioning to our method, which has been empirically
demonstrated bene cial for TVP (Gu et al., 2023). The reason is thought to be that the raw text conditions
in the TVP datasets (e.g., pick something up or move away from the camera ) are not speci ¢ enough to
specify the intermediate stages of carrying out a motion. Without collecting extra annotations, we develop
learnable modules that infer such frame-wise conditions through ne-tuning. The learned conditioning
embeddings are inserted back to the parallel attention layers we introduced, where a frame-wise attention
mask is applied. We experiment with various designs and share our insights on how to construct and apply
such conditions e ciently. Collectively, our method, termed Frame-wise Conditioning Adaptation (FCA),
surpasses existing work on TVP, thereby establishing a strong baseline for future research.

To summarize, we propose to apply recent large-scale pre-trained text-to-video generative models to the task
of TVP. To accommodate the task requirements while maintaining a reasonable training cost, we introduce
an e ective adaptation-based ne-tuning strategy that incorporates frame-wise text conditions via learned
modules to assist the learning. Our design additionally integrates the initial frames into the condition. We
conduct extensive ablation studies to validate our method, while documenting empirical ndings and training
tricks for future research. Our method, termed FCA, improves on previous work both quantitatively and
gualitatively on standard benchmark datasets. Speci cally, we achieve a 40% reduction (relative) in the FVD
metric on both Something-Something-V2 (Goyal et al., 2017) and EpicKitchen-100 (Damen et al., 2020) and
an impressive 60% FVD reduction (relative) on BridgeData (Ebert et al., 2021).

2 Related Work

Pre-trained Video Generation Model. The impressive performance of di usion models (Ho et al.,
2020; Song et al., 2020b) has spurred a recent trend in developing large-scale pre-trained video generative
models (Ho et al., 2022; Hong et al., 2022), which are viewed as a natural progression from the image
generative task (Ramesh et al., 2022; Saharia et al., 2022; Rombach et al., 2022). Text is most commonly
used as the conditioning signal for generating videos, i.e., text-to-video (T2V), analogous to what is seen in
text-to-image (T2l). Architecture-wise, pioneer work (Singer et al., 2022; Wu et al., 2023b; Blattmann et al.,
2023; Wang et al., 2023a; Zheng et al., 2024) often adopts the U-Net architecture (Ronneberger et al., 2015)
and injects temporal modules alongside the existing spatial modules, thereby in ating an image generation
model for video generation. A line of recent work (Yang et al., 2024b; Kong et al., 2024) adopts the di usion
transformer (DiT) (Peebles & Xie, 2023) with better scalability. In this work, we adopt CogVideoX (Yang

et al., 2024b) for our base model, which utilizes 3D full attention that alleviates the need for separate spatial
and temporal attention modules.

Although T2V is the most common paradigm for pre-trained video generation models, several recent
work (Yang et al., 2024b; Kong et al., 2024; Blattmann et al., 2023) have also included a variant of their
proposed T2V base model, that additionally supports an image for conditioning as the rst frame. To
adapt a pre-trained T2V model into image-to-video (12V), the common practice (Girdhar et al., 2024) is
to concatenate the extracted representation of the initial frame to the input noisy latent along the channel
dimension, and perform further training. We note that the task of text-video prediction (TVP) is similar

to 12V regarding the setup of input conditions. However, we opt for developing based on a T2V model, we
refer readers to Section 4.1 for discussions.
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Incorporating Extra Conditions. Multiple works seek to inject extra conditions to guide the generation.
Various categories of conditions exist for di erent applications, including edges or depth maps (Guo et al.,
2024; Chen et al., 2023), optical ow (Zhang et al., 2024; Liang et al., 2024), camera movements (Yang et al.,
2024a) and pose information (Hu, 2024; Ma et al., 2024; Xu et al., 2024). Another video can also serve as
guidance for video-to-video generation (Hu & Xu, 2023; Zhao et al., 2024; Wu et al., 2023c). Notably, a
line of work exists that addresses the concept of motion (Shen et al., 2024; Shi et al., 2024; Zhang et al.,
2024; Li et al., 2023b; Hu & Xu, 2023; Zhao et al., 2024; Dai et al., 2023), however, they either focus on the
movement of a rigid body (e.g., a car moving) or a human being (e.g., riding a bicycle). As such, they are
di erent from the concept of motion seen in the task of text-video prediction (TVP), i.e., the manipulation

of objects. We note that di erent categories of conditions often require speci c designs to inject into the
generative model, as they di er in format and semantics.

Text-Video Prediction (TVP). TVP conditions the generation on both the initial frames and the text,
which diers from the conventional task of video prediction (Feichtenhofer et al., 2016) that conditions
solely on the previous frames (Ye & Bilodeau, 2024; HOppe et al., 2022; Voleti et al., 2022; Harvey et al.,
2022). It is recently proposed by Gu et al. (2023) alongside a method termed Seer, where a pre-trained, U-
Net (Ronneberger et al., 2015) T2l model is adapted for producing videos by inserting additional temporal
attention layers, as discussed above. The authors discovered that frame-wise text conditions benet the
task, and introduced a text decomposition module built into the proposed architecture. In this work, we
further advance the task of TVP by leveraging more suitable, video-generative pre-trained models, while
also incorporating frame-wise conditions but with a tailored design to t the architecture.

3 Method
The task of text-video prediction (TVP) takes in as input the initial k frame(s) of a videoffy; ;fkg
alongside the conditional texty and aims at producing the subsequent frame$fy.;; ;fng. We note the

entire video as the collection of all framesk = ff;g', . In this work, we leverage a pre-trained text-to-video
(T2V) di usion transformer (DiT) (Peebles & Xie, 2023) as our base model, where we propose our Frame-
wise Conditioning Adaptation (FCA) design. We note the number of transformer layers in a DiT as D, as
seen in Figure 2.

3.1 Preliminaries

Denoising Di usion Probabilistic Models. Di usion models (Ho et al., 2020; Song et al., 2020a;
Dhariwal & Nichol, 2021; Song et al., 2020b) are a type of generative model that performs bi-direction
operations. The forward direction takes in a samplexy and iteratively adds Gaussian noise to it until a

maximum step T is reached. Opposite to it, the generative process starts with the Gaussian noiser, where

the model gradually estimates the noise to be subtracted, and ultimately produces the sampl&y. The

training objective of the model is to predict the to-be-subtracted noise:

L = Exgic; N (O;I);tk (Xt;C;t)kz; (1)

where the di usion model is denoted as parameterized by , t 2 [0; T] represents the time step of the
process, andx; = (Xo+  is the noisy data at stept with ¢;  being functions oft. Here, ¢ represents
various conditions that can guide the generation.

Once trained, the diusion model can be used for predicting samples from the Gaussian noise. Pioneer
work (Dhariwal & Nichol, 2021) adopts classi er guidance that uses the gradients of a trained image classi er
to control the generated samples. Subsequently, classi er-free guidance (Ho & Salimans, 2021) eliminates
the need for a separate classi er model. Its sampling stage involves a linear combination of conditional and
unconditional predictions, where the latter term replaces the conditionc with an empty embedding ?, as:

~ (X¢;cit) = (Xe;ct)+ (1 ) (Xe;?5t); (2

with  being the guidance scale. A noticeable characteristic of the di usion model is the disparity between its
training and inference operations. Speci cally, one can apply one of many samplers for generating samples.
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For instance, samplers such as DDIM (Song et al., 2020a) enable a faster generation by requiring only a
small number of steps.

Recent work often adopts the latent di usion model (LDM) (Rombach et al., 2022), which operates on the
latent space as opposed to the raw pixel space, and therefore requires less computational resources. The
encoding and decoding operation is through a frozen variational autoencoder (VAE). We omit the VAE in
the notations for brevity and directly view x; as the latent embedding below.

Di usion Transformer. While conventional di usion models often adopt the U-Net (Ronneberger et al.,
2015) architecture, recent variants leveraging di usion transformer (DiT) (Peebles & Xie, 2023) have in-
creasingly gained popularity thanks to its scalability. The DiT replaces the convolution layers of the U-Net
with multiple layers of transformer modules, where each layer performs multi-head attention (Vaswani et al.,
2017) over a sequence of tokens.

The sequence of tokens is e ectively a concatenation between the input noisy latent and the conditioning
embeddings, such as text embeddingg obtained through a pre-trained text encoder. Here, the input noisy
latent of an image is patchi ed along the spatial dimensions to form a sequence of tokens. In the case of video
generative models, multiple frames are treated as consecutive images to form a longer sequence. Positional
embeddings (Dosovitskiy et al., 2020; Su et al., 2024) are often injected, similar to what is seen in the Vision
Transformer (ViT) (Dosovitskiy et al., 2020). The di erent types of tokens separately go through adaptive
Layernorm (adaLN) (Peebles & Xie, 2023), which involves scaling and shifting the embeddings to bridge
the modality gap. Without harming clarity, we omit the patchifying and adaLN operations, and denote the
token sequence received by each layer of the transformer &= concat[y; x;].

Within each transformer layer of the DiT, the concatenated token sequenceZ performs self-
attention (Vaswani et al., 2017), as:

. K~>
Z%= Attention (Q;K;V) = Softmax Qpa— V; (3)

whereQ = ZW 4, K = ZW , V = ZW , are the query, key, and value matrices computed by multiplying the
token sequenceZ with separate learnable weight matrices. HereZ serves as the token sequence for query,
key, and value simultaneously. The output Z° is then added to Z in a residual manner (He et al., 2016),
followed by a feed-forward layer.

3.2 Adapting Pre-trained T2V Model for TVP

In this work, we adopt an e ective adaptation-based ne-tuning strategy for DiT-based T2V model. As
shown in Figure 3, within each layer of the transformer architecture, we insert an attention block parallel to
the pre-trained attention block, whose output is added back to the pre-trained branch. In practice, we nd

it crucial to initialize a small learnable scaling factor (e.g., 0.1) and multiply it with the attention output.

We freeze the pre-trained branch to best preserve its learned knowledge while training the inserted modules.

Unlike in the pre-trained branch where each attention block performs self-attention over the concatenated
text and video tokens (Z = concaty;Xx;]), in the inserted attention blocks, we modify the key and value
token sequences to perform a cross-attention. Since the query sequence remainsZaghe dimensionality of
the output sequence is unchanged and can be added back. Speci cally, we construct the key and value token
sequences as the concatenation among the text tokey, the initial frames latent " (xint ) (see below), and
the frame-wise text conditions Yfames (S€€ Section 3.3).

Integrating the Initial Frames. Since TVP requires the predicted frames to extend on the initial frames,

it is necessary for us to inject the initial frames as conditions to the T2V model. As illustrated in Figure 3
(top-left), we append the latent embeddings of the initial frames to the key and value token sequences
of the FCA attention layers. Consequently, the model learns to attend to the information within such
embeddings through ne-tuning. Inspired by recent work on personalized image generation (Jia et al., 2023;
Purushwalkam et al., 2024), we obtain such embeddings for each FCA layer using a frozen copy of the pre-
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rained DiT mode , where we fee e latent of the initial framesxi,; as input and perform a forwar
t d DIiT model " h feed the latent of the initial f ut and perf f d
D

pass, thereby extracting its intermediate layer-wise embeddings, noted aX it = A(ximt )i L
1=

To obtain Xyt , we treat the initial frames as a short video of only one or two frames, and encode it via
the VAE (Yu et al., 2023a). As the DiT model is trained to receive a noisy latent, rather than a noise-free
latent as input, we follow Duan et al. (2024) by adding a small noise (one step) t,iy before inputting it
into the DiT. This ensures that the latent embedding adheres to the expected input data distribution while
introducing minimum loss to its information.

3.3 Frame-wise Text Condition

We explore the use of frame-wise text conditions, which previous work (Gu et al., 2023) has demonstrated
to be bene cial, as the text conditions in text-video prediction (TVP) datasets (e.g., taking remote out of
pen stand ) are often too concise to depict the intermediate stages of carrying out a motion.

As in the previous work (Gu et al., 2023), without collecting additional text annotations, we seek to infer
frame-wise text embeddings and use them to complement the vanilla texy during generation. In essence,
given the text tokensy 2 R'" 9, we aim to derive yqames 2 R' 't 9 such that f, i.e., its frame dimension
corresponds to that of the video tokensx;. Here, |; represents the length of the text token coming out of
the text encoder while d is the channel dimension; we omit the batch dimension for brevity.

Frame-wise Text Conditioning Module Design. Our frame-wise text conditioning module is inspired
by Q-Former in BLIP-2 (Li et al., 2023a). As shown in Figure 3 (bottom-left), we initialize a sequence of
learnable tokens foryqames , Which are concatenated with the tokens of texty obtained via tokenization and
projection. Figure 2 illustrates the detailed architecture. Speci cally, the two perform self-attention rst,
followed by a cross-attention layer where we introduce the initial framef;. Yyxames iS Obtained following a
nal feed-forward layer.

The frame-wise text conditioning module is trained alongside the FCA attention layers. We nd it ideal to
initialize a separate such module per attention layer, instead of employing one module and feeding its output
to all attention blocks of FCA (Figure 2). Our intuition is that every DiT layer learns di erent semantics;
therefore, so should the conditioning embeddings. We denote thé-th layer frame-wise text conditioning
module as (), therefore, Y} mes = '(V:if1).

Applying Frame-wise Text Conditioning. Given yt. . that corresponds to thei-th FCA attention
layer, we append it to the key and value token sequences to perform a cross-attention, analogous to our
approach of integrating the initial frames in Section 3.2. We learn a pre-normalization toy}, . mimicking
the adaptive Layernorm (adaLN) (Peebles & Xie, 2023) seen in DiT, which is empirically bene cial.

To guide the frame-wise text conditioning modules to learny},,...s that serves as frame-wise condition, we
construct an identity matrix for the attention mask on the frame dimension between yt__.. and the video
tokens x;. Recall that y},..s and x; share the same length in frame. E ectively, the mask prevents video
tokens of framep from attending to text conditions of frame-gq when p 6 g. Meanwhile, we still include the
vanilla text condition y in the cross-attention, and allow all video tokens to attend to it.

3.4 Training and Inference

During training, we follow the standard di usion objective in Equation 1 to optimize the inserted FCA
blocks. We incorporate the FCA attention layers into parameterized by , while separately denoting
the frame-wise text conditioning modules as (). We freeze other parameters of the pre-trained DiT. The
training objective is formulated as:

L = Exoixm y; K (Xe; Xinie 55 (Y5 F1);t)k?; (4)

wherey denotes the conditioning text embeddings, andX i,; represents the extracted latent of the initial
frames. We perform no dropouts to the initial frames or text as we nd it not bene cial for ne-tuning.
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SSv2 BridgeData Epic100
Methods Pre-trained with ~ Text Condition FVD # KVD # FVD # KVD # FVD # KVD #
1 TATS (Ge et al., 2022) video no 428.1 2177 1253 6213 920.0 5065
2 MCVD (Voleti et al., no 1407 3.80 1427 2.50 4804 5.17
2022)
3  SimVP (Gao et al., 2022) no 537.2 0.61 681.6 0.73 1991 1.34
4 MAGE (Hu et al., 2022h) video yes 1201.8 1.64 2605 319 1358 1.61
5 PVDM (Yu et al., 2023b) no 502.4 61.08 490.4 122.4 482.3 104.8
6  VideoFusion (Luo et al., text-video yes 163.2 0.20 501.2 1.45 349.9 1.79
2023)
7  Tune-A-Video (Wu et al., text-image yes 291.4 0.91 515.7 2.01 365.0 1.98
2023a)
8  Seer (Gu et al., 2023) text-image yes 112.9 0.12 246.3 0.55 271.4 1.40
9  FCA (Ours) text-video yes 67.7 -0.18 96.5 0.43 164.6 0.45
Table 1: Quantitative results of video generation. We report on Something-Something-V2 (SSv2),

BridgeData and EpicKitchen-100 (Epic100). We follow Gu et al. (2023) to report FVD and KVD ( # the
lower the better). For each method, we also report the data type used for pre-training (if any) and whether
it supports text conditioning. The best numbers are in bold black. Our method is shaded ingray. Rows
1 8 are cited from (Gu et al., 2023).

In inference, we use the DDIM (Song et al., 2020a) sampler to accelerate the process while leveraging the
classi er-free guidance (CFG) per Equation 2. For the unconditional prediction, we follow the standard
practice (Ho & Salimans, 2021) by replacing the text prompt with an empty string and passing it to the
text encoder to obtain y. However, we do not drop the initial frames as it empirically harms the generation

quality.
4 Experiments

Datasets. We follow Gu et al. (2023) and test on three text-to-video datasets. Something-Something-

V2 (SSv2) (Goyal et al., 2017) contains 168,913 training samples on daily human behaviors of interacting
with common objects. Bridge-Data-V1 (Ebert et al., 2021) includes 20,066 training samples in kitchen
environments where robot arms manipulate objects. Epic-Kitchen-100 (Epic100) (Damen et al., 2020)
consists of 67,217 training samples of human actions in rst-person (egocentric) views. All datasets include
short text descriptions of motions per video. In validation, we follow the implementation® by Gu et al. (2023)
for a fair comparison. For SSv2, we select the rst 2,048 samples in the validation set; for BridgeData, we
split the dataset by 80% and 20% and use the latter for validation; nally, for Epic100, we directly adopt its
validation split.

Implementation Details. We leverage the CogVideoX-2B (Yang et al., 2024b) T2V model in this work.
We use its pre-trained weight$ for initializing the 3D VAE, the T5 text encoder (Colin, 2020), and the DiT,
while freezing these modules. We initialize the FCA attention layers from scratch for ne-tuning. Regarding
the frame-wise text conditioning modules, we initialize its ViT (Dosovitskiy et al., 2020) vision encoder, as
well as the CLIP (Radford et al., 2021) text tokenizer and projection layer from BLIP-23. For each DiT
layer, we initialize a frame-wise text conditioning module of one layer from scratch and train them alongside
the FCA attention blocks.

For DiT, we use two initial frames on SSv2, and one initial frame on BridgeData and Epic100, as in (Gu

et al., 2023). For the frame-wise text conditioning module, due to its architectural design that accepts only
one image through cross-attention, we input the rst frame regardless of the dataset. We train our model

for 100,000 steps on SSv2, 25,000 steps on BridgeData, and 50,000 steps on Epic100. In inference, we set
the CFG guidance scale = 6:0 and a sampling step of 50, following (Yang et al., 2024b). Further details

are elaborated in Section B.1.

Lhttps://github.com/seervideodi usion/SeerVideoLDM
2https://huggingface.co/THUDM/CogVideoX-2b
3https://huggingface.co/Salesforce/blip2-itm-vit-g
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Text prompt: Holding helmet.

Seer

Ours

GT

Figure 4: Qualitative examples on video generation . We compare our method with Seer (Gu et al.,
2023), where we also show the ground truth (GT). For inference on Seer, we adhere to its con guration
with a frame number of 12; while ours is of 16 (split into two rows). For illustration purposes, we replace
the conditioning frames (rst two) with the ground truth. See qualitative examples on other datasets
in Section C.6. Note that the aspect ratios of the gures are slightly adjusted for demonstration purposes.

Evaluation Settings. Following (Gu et al., 2023), we assess our method on both machine and human
evaluations. For machine evaluation, we include Fréchet Video Distance (FVD) and Kernel Video Dis-
tance (KVD) (Unterthiner et al., 2018). Both metrics are computed with a Kinetics-400 pre-trained 13D
model (Carreira & Zisserman, 2017). See Section C.2 for discussions on human evaluation.

We additionally assess on VBench (Huang et al., 2024), which is a recent, well-regarded evaluation benchmark
for video generation. However, we note that certain adaptations are required for us to benchmark on this
metric. We refer readers to Section C.1 for details and our results.

All ablation studies are conducted on SSv2 with the FVD and KVD metrics. To more e ciently compare
various setups, we perform all ablation studies for 20,000 steps.

4.1 Quantitative Results

Comparison with Existing Methods. As shown in Table 1, our method (row 9) surpasses previous
methods in both the FVD and KVD metrics. Notably, compared to Seer (Gu et al., 2023) (row 8), we
achieve an approximately 40% reduction in the FVD score on SSv2 and a 60% reduction on BridgeData.
This suggests that our model generates predictions that are visually closer to the ground truth videos, which
implies that FCA succeeds in harnessing the generative abilities of the pre-trained T2V model. On Epic100,
we also acquire a better performance compared to the previous methods, albeit having an FVD score of
above 150, which is noticeably higher than scores on the other two datasets. We note that compared to
SSv2 and BridgeData where the camera angle is mostly xed throughout a video, Epic100 is arguably the
most challenging dataset among the three, as it contains egocentric views where the camera is attached
to the performer (human being), thereby including more substantial view changes and movements of the
environments (see Section C.6 for qualitative examples). This characteristic renders the video frames harder
to predict.

Comparison with Image-to-Video (12V) Models. Even though pre-trained video generative mod-
els are traditionally text-based; most recently, contemporary work has begun to support image conditions
alongside the text. As such, we include discussions on the image-to-video (I12V) model in comparison to our
method. We take CogVideoX1.5-5B-12\* for the assessment. Compared to our base model (CogVideoX-2B),
this model is of a larger parameter size and includes architectural improvements as noted by 1.5. It has

4https://huggingface.co/THUDM/CogVideoX1.5-5B-12V
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Pre-trained
Methods with FVD # KVD #
1 CogVideoX1.5-5B-I12V (Yang et al., 2024b) image-video 198.0 0.20
2 CogVideoX1.5-5B-12V + LoRA image-video 352.6 0.45
3 FCA (Ours) text-video 67.7 -0.18
Table 2: Comparison with pre-trained image-to-video (12V) models. We report CogVideoX1.5-5B-

12V (Yang et al., 2024b) with and without LoRA (Hu et al., 2022a) ne-tuning. Experiments on SSv2. The
best numbers are in bold black. Our method is shaded irgray.

(a) CogVideoX-2B-T2V + LORA (prepend initial frames) (c) CogVideoX1.5-5B-12V direct inference

(b) Ours (d) CogVideoX1.5-5B-12V + LoRA

Figure 5: Comparison with LoRA (Hu et al., 2022a) ne-tuning and pre-trained 12V model
(CogVideoX1.5-5B-12V). We replace the conditioning initial frames ( rst two) with the ground truth.
Each sample is of 16 frames, split into two rows. Text prompt: Pouring something out of something .

been further trained from a T2V model to support a conditional frame in addition to the text (see Sec-
tion 2). As shown in Table 2 (row 3 vs. 1), our method achieves a much better performance in FVD and
KVD metrics, which is impressive since we use a model with a smaller, two billion parameter size, while
competing with a more advanced architecture. We show that the 12V model often cannot predict the correct
motions (Figure 5 c). Granted, this is not an entirely fair comparison because the 12V model is not trained
on SSv2. However, we note that the performance does not improve, even degrades with LORA ne-tuning
(see discussions on LoRA in Section 4.3), as shown in Table 2 (row 2) and Figure 5 (d). This suggests the
necessity of ne-tuning with a capable adaptation design for this task.

4.2 Qualitative Analysis

Figure 4 qualitatively compare our method with existing work. Compared to Seer (Gu et al., 2023), our
method exhibits a stronger ability in temporal consistency and delity, demonstrating that we succeed in
harnessing the power of the pre-trained video generative model. The examples also show that the model
aligns well with the text. Interestingly, we illustrate a case where the generated contents di er from the
ground truth, yet remain consistent with the input prompt. Such cases may not be accurately measured by
the standard FVD and KVD metrics, which compute the similarity between the prediction and the ground
truth. This partially demonstrates the necessity of extra quantitative evaluations, to this end, we refer
readers to the analysis on human evaluation as well as VBench (Huang et al., 2024) (Section C).

4.3 Ablation Studies

In this section, we analyze the e ects of our key design choices, as well as training tricks that are critical to
the performance, as mentioned in Section 3.

Fine-tuning Strategy (FT Strat). We begin with validating our ne-tuning strategy, i.e., FCA, by
comparing it with low-rank adaptation (LoRA) (Hu et al., 2022a) as the standard ne-tuning approach on
generative models. Table 3 (rows 1, 2) shows our design achieves a much better performance in generation,
where the FVD scores are reduced by over 100%. Note that both experiments are conducted without
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