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Abstract


Recently, text-driven video editing has received increasing attention due to the surprising success of the text-to-image model in improving video quality. However, video editing based on the text prompt is facing huge challenges in achieving precise and controllable editing. Herein, we propose Latent prompt Image-driven Video Editing (LIVE) with a precise and controllable video editing function. The important innovation of LIVE is to utilize the latent codes from reference images as latent prompts to rapidly enrich visual details. The novel latent prompt mechanism endows two powerful capabilities for LIVE: one is a comprehensively interactive ability between video frame and latent prompt in the spatial and temporal dimensions, achieved by revisiting and enhancing cross-attention, and the other is the efficient expression ability of training continuous input videos and images within the diffusion space by fine-tuning various components such as latent prompts, textual embeddings, and LDM parameters. Therefore, LIVE can efficiently generate various edited videos with visual consistency by seamlessly replacing the objects in each frame with user-specified targets. The high-definition experimental results from real-world videos not only confirmed the effectiveness of LIVE but also demonstrated important potential application prospects of LIVE in image-driven video editing.
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1. Introduction


In recent years, video generation has gone through the initial stage of generating a video from noise [1,2,3,4] and the rapid development stage of video editing [5,6,7,8] based on the latest research achievements of AI-Generated Content (AIGC) and various rapid generative models, such as diffusion models [9] and GANs [10]. Much important progress has been made in video editing research. It has been extensively reported that the attention control between text and images manipulates and substitutes objects and styles within video sequences [11,12]. The important role of null-text inversion in maintaining video background consistency has been discovered [13]. However, the existing video editing tasks are limited to text-based modifications, which cannot meet the customized needs expected by users. Especially, up to now, the possibility of directly incorporating input images into the video editing process has not been explored and reported.



To address these issues in the video editing research above, our paper presents an image-driven video editing model that allows users to change specific parts of a video according to the user’s real-time input images. The proposed solution can provide a new method for more precise personalized video editing. To achieve image-driven video editing, we have completed a series of challenging tasks, involving preserving the consistency of across-frame videos, adhering to the sequence of motion videos, and replacing an object within input images with a corresponding video component. Unlike traditional video editing, our image-driven video editing requires us to simultaneously input and edit both images and text.



To achieve the image-driven video editing task, we have designed an image-driven video editing framework based on the text-to-video (T2V) model. Compared to the Tune-A-Video (TAV) [14], our T2V model can generate more abundant motion information, increase the continuity between frames in a video, and thus achieve high-definition video editing tasks under various image conditions. However, the newly built T2V model does not take into account the information contained in input images, which can be solved by two steps as follows. Firstly, it needs to fine-tune the original video based on the learning motion and background. Secondly, it needs to incorporate the input images into our T2V model and train them to achieve the alignment of text and image. In addition, it also requires an attention control method during the inference process to maintain background consistency and generate final edit results.



The key contributions of this paper are as follows:




	(1)

	
We introduce a novel image-driven video editing task in order to generate customized videos based on input images;




	(2)

	
We propose a LIVE framework for the customized video editing task and delicately design a training and reasoning pipeline to successfully overcome a series of challenging tasks that occur during the image-driven video editing process;




	(3)

	
Extensive experiments demonstrate the effectiveness of our LIVE and obtain promising results in multiple aspects such as image object swap, video consistency, and motion maintenance (Figure 1).









Our T2V basic model is implemented by extending 2D stable diffusion. In the first step, we not only modified the T2V framework but also trained the motion information of input videos with a learnable latent prompt. In the second step, we not only aligned text and image but also established a mapping between text and image with the cost-effective leverage of textual inversion [15]. We also designed a pipeline to accelerate the training process and improve the training effectiveness. In order to obtain high-definition edited videos, the final inference stage not only needs to replace the latent prompt and text with the relevant training outcomes but also needs to utilize custom attention control.




2. Background


2.1. Image Generation and Editing


In recent years, much important progress has been made in image generation research. Some well-known generative models, such as GANs [10], have demonstrated powerful abilities to generate various realistic images [16,17]. However, the denoising diffusion probabilistic models (DDPMs) [9] recently received increasing attention because of the high-quality output ability for large-scale datasets [18]. The DALLE-2 [19] could further enhance the text–image alignments by utilizing the CLIP feature space [20]. Imagen [21] employed cascaded diffusion models [22] for high-fidelity image generation. The latent diffusion models (LDMs) [23] were introduced to manage the generation process in the latent space and boost training efficiency.



On the other hand, more and more exciting image editing works have also been reported. The text-to-image (T2I) diffusion models had first taken away the dominant position determined by previous state-of-the-art models for text-driven image editing [24,25]. Recently, some works based on a pre-trained T2I diffusion model have achieved remarkably enhanced performance in text-driven image editing [26,27,28,29]. The prompt-to-prompt (P2P) accomplished the precise control of the spatial layout in various edited images by directly manipulating the text–image cross-attention mappings during the image generation process [11]. InstructPix2Pix [30] and Paint-by-Example [29] enabled us to characterize image editing according to the user-provided instructions. Textual inversion [15], DreamBooth [31], and XTI [32] had the preliminary ability to learn special tokens for personalized concepts and generate the corresponding images. Null-text inversion [13] carried out null-text optimization for real image editing.




2.2. Video Generation and Editing


Unlike image generation, video generation has been facing huge challenges because of the higher-dimensional complexity and the scarcity of high-quality datasets. The Video Diffusion Models [1] generated temporally coherent videos with a 3D U-Net by decomposing space–time attention [33]. Imagen Video [3] utilized a cascaded Video Diffusion Model to achieve high-resolution video generation. However, these methods require paired text–video datasets; thus, the training cost is very high. Recently, the TAV [14] achieved one-shot tuning video generation by transforming a T2I model into a T2V model and fine-tuning input videos.



The T2I diffusion models had strong image editing ability but no exploration of video editing. Text2Live [34] demonstrated compelling video editing results by combining layered neural representations and text guidance [35]. Dreamix [5] performed image-to-video and video-to-video editing and had the simple ability to change motion by employing a pre-trained Imagen Video backbone [3]. Gen-1 [36] accomplishes some stylization and customization tasks by simultaneously training images and videos. However, these methods require costly training. To address the issue, various fine-tuning methods have been proposed. Based on the P2P image editing method [11], Video-P2P was developed to modify the attention map corresponding to the text prompt and maintain the consistency of other parts of the attention heatmap using local blending [7]. It was also proposed to decrease the control over the guiding attention and enhance the preservation of the unedited area. Edit-A-Video [37] also used the attention replacement mechanism in P2P and null-text inversion [13] to edit videos and maintain coherence. Pix2Video [6] introduced self-attention feature injection, which could maintain the edited videos’ appearance coherence. It further developed latent guidance using the l2 loss as a guidance of the ground truth frame between the predicted current frame and the previous frame, remarkably improving the video temporal consistency. ControlVideo [38] extended the structural capabilities of ControlNet to the video domain, enabling more sophisticated video editing functionalities. StableVideo [39] designed an interframe propagation mechanism to generate coherent geometry objects and used NLA to achieve temporal consistency. CCEdit [40] harnessed structure control with a pre-trained ControlNet and achieved appearance control with extended text prompts, personalized T2I models, and edited center frames.



These achievements are the most representative of progress in text-driven video editing; however, their video editing is still at the level of modifying the text prompts. All the research methods cannot be applied to the image-driven video editing task. LIVE is proposed in this paper for the image-driven video editing task by modifying the TAV and the attention control.





3. Methods


In Section 3.1, we first briefly introduce the DDPMs [9]. In Section 3.2, we comprehensively introduce LIVE framework, which has been designed to achieve the image-driven video editing task through a latent prompt. In Section 3.3, we, in detail, explain how LIVE generates various edited videos. In Section 3.4, we explain how LIVE controls the attention to achieve high-definition edited videos.



3.1. Preliminary


The DDPM [9] is recently a popular generative model consisting of a forward noising process   q     x   t       x   t − 1       and a backward denoising process     p   θ       x   t − 1       x   t      , where t is the timestep     x   t     and     x   t − 1     are the noisy input data at timestep t and t − 1, respectively, and   θ   is the neural network to optimize. The goal is to first add noise to images and converge to Gaussian noise   z ~ N ( 0,1 )   step by step and then to denoise images to obtain the restored images. This can be expressed as:


   q     x   t       x   t − 1     ≔ N     x   t   ;  1 −   β   t      x   t − 1   ,   β   t   I        x   t   ≔      α  ¯    t      x   0   +  1 −     α  ¯    t      ε   t     



(1)




where     ε   t     is the random noise,     x   0     is the original image, and     β   t     is a hyperparameter of the forward process,     α   t   = 1 −   β   t     and       α  ¯    t   ≔   ∏  s = 1   t      α   s      . The way to choose       α  ¯    t     is called the noise schedule. We chose a cosine noise schedule as mentioned by Nichol and Dhariwal [18]. When     x   0     is known,   q     x   t       x   t − 1       in the Equation (1) can be expressed as:


  q     x   t       x   t   ,     x   0     ≔ N     x   t − 1   ;   1      α   t          x   t   −     β   t      1 −     α  ¯    t        ε   t     ,   1 −     α  ¯    t − 1     1 −     α  ¯    t       β   t      











During the denoising process, it is necessary to use the equation   q     x   t − 1       x   t       to handle the reverse process. However, we need a deep neural network to learn the denoising distribution because the equation   q     x   t − 1       x   t       cannot be solved. The denoising distribution can be defined as:


    p   θ       x   t − 1       x   t     ≔ N     x   t − 1   ;   μ   θ       x   t   , t   ,   ∑  θ        x   t   , t          



(2)




where     μ   θ       x   t   , t     is expressed as     1      α   t          x   t   −     β   t      1 −     α  ¯    t        ε   t      . For the     ∑  θ        x   t   , t       part, Nichol and Dhariwal [18] found that it had upper and lower limits; therefore, in order to simplify the training objective, it can be set as a constant within a specific region as follows:


    L   t   =     ϵ −   ϵ   θ          α  ¯    t      x   0   +  1 −     α  ¯    t      ε   t   , t       2    



(3)







The DDPM’s reverse process is a stochastic process and unstable, thus easily leading to different reconstructed results from the same inputs. Such behavior could have disastrous consequences for video editing tasks since video editing requires only partial changes within a specific region and must not destroy the original appearance of other parts of the edited image. Fortunately, the introduction of the DDIM [41] had successfully resolved this problem. During the inference process, the DDIM set     ∑  θ        x   t   , t       to be 0; as a result, the inference process is transformed from a stochastic process to a deterministic one. Therefore, a denoising process can be accomplished through fewer steps under the condition of ensuring consistency between the denoised results and the input images, except for a slight decrease in image quality. This denoising approach, called the DDIM inversion, has been integrated into our LIVE method.




3.2. LIVE Framework Overview


LIVE framework is depicted in Figure 2a,b. It can be seen that LIVE framework starts with the T2I model, as shown in Figure 2a, which is subsequently extended into a T2V model. In terms of technical implementation, we chose the configuration of TAV [14] because TAV is one of the few widely recognized and available T2V models. In the original Latent Diffusion Model (LDM), the attention mechanism comprises spatial self-attention and cross-attention components. To extend this to video, we first inflate 2D convolution kernels to 3D, thereby incorporating the temporal dimension. Second, following the Video Diffusion Model (VDM) baseline, we incorporate factorized space–time attention, adding temporal attention subsequent to the cross-attention mechanism to learn sequential information effectively. Temporal attention, as utilized in our framework, follows the factorized space–time attention mechanism as established in the Video Diffusion Models (VDMs). It operates fundamentally in the same way as the original spatial self-attention, with the key difference being the dimension it operates over. While spatial self-attention computes attention across the spatial dimension, temporal attention is calculated over the time dimension, enabling the model to capture and utilize temporal dynamics for video editing tasks.



However, this T2V model alone is insufficient for accomplishing image-driven video editing tasks because it cannot generate coherent videos and also cannot establish mapping with the input images. To realize image-driven video editing, we trained the T2V model with two objectives as follows. The first objective of training is to acquire video reconstruction ability. At this stage, the input information includes the videos to be fine-tuned and the corresponding text prompt. These videos are first encoded into latent prompts by the Variational AutoEncoder (VAE). Then, the latent prompts are given noise and concatenated with a learnable tensor (1 × 64 × 64 × 4) along the frame dimension. Except for the frame dimension, the shape of the latent prompt is the same as the latent video. We will obtain a reconstructed video by inputting the concatenated tensor into U-Net. The main goals of the second objective of training are to incorporate the input image information into the T2V model and try to associate all the input images with a specific space in the text embeddings. The aim of these operations is to ensure the two objectives’ training costs are at the same level and create a favorable condition in which the two training objectives are simultaneously converged to their optimal state by an alternating training method. The final training objective is:


    L   t   i   =         L   t   u n e t   ,   w h e n   i = 2 n           L   t   t e x t   ,   w h e n   i = 2 n + 1     ,    



(4)




where   i   denotes the training iteration and   n = 1,2 , 3 , …  .     L   t   u n e t     is the diffusion loss of optimizing U-Net,     L   t   t e x t     is the diffusion loss of optimizing the text embeddings, and   λ   is the loss coefficient of balancing the effect of the two objectives training. Experimentally,   λ   is usually set to 1. The specific numerical forms of     L   t   u n e t     and     L   t   t e x t     are the same, which can be expressed in Equation (3).



After having accomplished the two training objectives above, the T2V model will be used to carry out image-driven video editing through a straightforward process. As shown in Figure 2b, we first need to substitute the object name of the text prompt in the original video with the rare string     S   *     and then set the     S   *     as an input of the inference. Meanwhile, at the inference stage, we utilize the attention control mechanism in order to obtain the final edited videos.



The innovation of LIVE framework is to introduce the latent prompt into the T2V model. This is where the T2V model is completely different from the TAV model [14]. We discovered that the accurate object replacement and the seamless motion flow of the replaced object determine whether the image-driven video editing task can be successfully completed. Therefore, the motion information for learning the T2V model must be adequate to support the object’s movements. The aim of introducing latent prompts is to add learnable variables to enhance the motion perception of the T2V models. Therefore, the latent prompts mechanism provides a good solution for the problem of insufficient motion information in the T2V model.




3.3. Latent Prompt Video Editing


Latent prompt. The frame manipulation of videos is a highly challenging but currently unsolved research topic. To explore the possible approach of manipulating the frames in a video, we introduce the latent prompt that can be fine-tuned on spatial and temporal dimensions. This spatial–temporal interactive fine-tuning is an important guarantee for achieving continuous and seamless video editing.



Given the video latent vector   z ∈   R   f × h × w × c    , the latent prompt     z   l p     for one frame in the same latent space as   z   can be defined as     z   l p   ∈   R   1 × h × w × c    . Based on these conditions, we can initialize the latent prompt with the first frame of the input video. The spatial–temporal interactive fine-tuning starts with the latent prompt performing the cross-attention on all the frames in each video, enabling them to learn motion information effectively. Obviously, this spatial–temporal interactive fine-tuning can make     z   l p     grasp complex spatial details and various relationships between different frames in a video. According to the spatial and temporal information from various frames, the latent prompt can provide more comprehensive visual information for the T2V models. This is very important for the T2V models to more precisely manipulate the video’s frames. The temporal attention of the latent prompt can play a vital role in learning and encoding the motion’s dynamic information of the video sequence. With the help of cross-attention mechanisms, the latent prompt can fully understand the temporal dynamic characteristics of a video.



Training. To achieve the first training objective, the latent prompt has always been a tensor in the latent space that can be optimized, which is similar to the text prompt mechanism used in the text encoder. As shown in Figure 2c, the latent prompt is concatenated with the latent vector of input videos along the frame dimension condition, which is input into U-Net for the second training objective. We can modify the attention mechanism by incorporating the latent prompt     z   l p    , the first frame     z   1    , and the previous frame     z   i − 1     as a new attention of input video, shown at the bottom of Figure 2c. Our attention mechanism can be expressed as:


  Q =   W   Q     z   i   , K =   W   K       z   l p   ,   z   1   ,   z   i − 1     , V =   W   V       z   l p   ,   z   1   ,   z   i − 1      



(5)




where the     ·     in Figure 2c denotes the concatenation operation and     W   Q   ,     W   K    , and     W   V     are projection matrices. Our attention mechanism can ensure the latent prompt to maintain the cross-frame attention with each frame in all sequences. Therefore, our latent prompts can be enriched with massive video motion information, which can enhance the naturalness and smoothness of the motion videos generated by the T2V model.



To achieve the second training objective, we create an alignment between the rare strings, such as “    a k a ∗    ”, and images by providing rare strings aligned with the embedded layer value of the initial token for initialization using the textual inversion [15]. We use the original image search from the Internet as the input video without any segmentation. To introduce the latent prompt, it is necessary to incorporate a latent prompt into the input. As shown in Figure 2a, our input video clip is a combination of the input image and its copy. Herein, the input image represents the latent prompt, and the copy represents the standard input for textual inversion. We discover that the temporal attention in U-Net has a negative impact on subsequent learning. Consequently, it is necessary to not use temporal attention during the second training objective process to achieve optimal training results.



To achieve a balance between pursuing high-definition video and saving training time, we have adopted a strategy of synchronously updating the latent prompt and U-Net architecture. However, during the second training objective process, we freeze the latent prompt and replace it with the latent vectors of the input image. We discover that the cross-attention mechanism, which takes both text and video as the inputs, and outputs the latent prompt for training, cannot obtain satisfactory results. This failure may originate from the limited training steps. Therefore, we replace the previous complex mechanism with a learnable variable to create a fine-tuned model, leading to better results and also improving training efficiency.



Inference. After having completed the two training objectives, we can directly obtain the edited video from the rare strings used during training. However, we need to analyze the processing process of the latent prompts. During the first objective training process, we trained the latent prompt using a trainable vector and we replaced the latent prompt position with the latent image during the second objective training process. The inference of the diffusion model generally adopts the guidance method unrelated to classifiers [42]. For the conditional part, we set the input to the trained latent prompt and noise in order to enhance the motion information required for the input images. When it comes to the unconditional part, we set the input as the latent image and noise so that the generated videos cannot only include the image information bound by the text prompt through the second part of LIVE framework but also supplement the input with cross-frame attention. Therefore, these operations can generate high-definition edited videos with content richness and visual consistency.




3.4. Attention Control


After having trained the T2V model with LIVE framework, we can perform object swapping. Attention control has been widely applied because it does not require time-consuming training editing. Attention control can guide the T2V model to generate background-preserved images by swapping the maps of self-attention and cross-attention layers under the condition that all the specific information of the original image is completely preserved. We can have successfully accomplished the object replacement in the no objects area under the condition of maintaining the consistency between the original video and its edited version. After obtaining the mask     M   t     of the origin prompt attention and mask     M   t   *     of the edited prompt attention at timestep   t   with the settings of P2P, we can adopt the word swap edit function   E d i t     M   t   ,   M   t   *   , t    , which can be expressed as:


  E d i t     M   t   ,   M   t   *   , t   ≔         M   t   *     i f   t < τ           M   t     o t h e r w i s e        



(6)




where τ denotes the starting of attention injection. Based on the observation that the early steps of diffusion models can produce an important contribution to the overall distribution of the final edited videos, we inject a mask     M   t   *     of the edited attention to guide the video generation. Since the original word swap can only be applied to those text prompts with the same length, we modify it to specify which part of the text prompt needs replacement. As a result, we created a flexible plan for Word Swap. It should be pointed out that we only need to replace the original word swap with verbs representing motions and nouns representing background in the sentence. We did not choose to replace the object because we hope the edited video contains accurate objects from the input images. The reason why we replace verbs representing motions is that we do not want the object information in the origin attention map to interfere with our editing videos. The reason why we replace nouns representing backgrounds is that we need to ensure that the generated videos can match the new background. However, we discover that only replacing the background is not sufficient because the background’s attention map is not as accurate as the object’s attention map. VideoP2P [7] and other text-driven video editing methods [37] try to utilize null-text inversion [13] to solve this problem, but these approaches will greatly increase the model training cost. Therefore, in order to achieve promising high-definition image-driven videos, we choose to first use the local blend method in P2P [11] to compulsively replace the background and then utilize Gaussian blur to adjust the transition between the objects and the backgrounds.





4. Results


Implementation. We have implemented our approach based on the stable diffusion v1-41. For our video samples, we adopted a frame sampling approach where we extracted one frame every five frames, resulting in a total of eight sampled frames per video. Similar to the TAV [14], we have fine-tuned the attention modules on an eight-frame and 512 × 512 video in U-Net architecture for 500–600 steps to optimize U-Net. Our learning rate is 3 × 10−5. For the textual inversion component, we use only a single input image and set the placeholder marker to “<@#$>” and have trained it using a learning rate of 5 × 10−3 for 500–600 steps. For the latent prompt, we have initialized it with the first frame of the original video during the first training objective process; however, it is fixed at the latent state of the input image during the second training objective process. During the inference process, we first save DDIM inversion values [41] and set the classifier-free guidance to 12.5 [42]. Then, we completed 50 steps of inferring operation using the DDIM sampler. In terms of attention control, we set the cross-attention replacing ratio to 0.6 and the self-attention replacing ratio to 0.3. All the experiments have been conducted on an RTX 3090ti GPU. Training 500 steps takes 15 min. The inferring time to obtain the DDIM inversion values takes 10 min.



Baselines. Since our proposed task has not been explored before, we choose several concurrent text-driven video editing methods as a baseline for comparison. These baseline methods include (1) TAV + DDIM [14]. This method is used to generate videos from text prompts by fine-tuning the pre-trained T2I diffusion models using an efficient and one-time tuning approach. (2) Video-P2P [7]: Based on the TAV models, this method is used to control the video content through text editing using attention control and null-text inversion. (3) Vid2Vid-zero [43]: This approach is used to achieve zero-shot video reconstruction through abundant spatial–temporal attention modules and video editing by simultaneously using the attention control and the null-text inversion. (4) Paint-by-Example [29]: This method is an image-based image inpainting approach. It utilizes a mask-conditioned diffusion model to achieve seamless inpainting. In our comparative analysis, we adapted Paint-by-Example to video editing by applying the inpainting process to each frame of a video sequence. All the experiments have been conducted with their official codes and configurations.



Dataset. We chose the conventional videos used in Video-P2P [7] and Vid2Vid-zero [43] as the evaluation dataset. We first used their default text prompts to edit videos and then fairly compared the results.



4.1. Main Results


Qualitative results. Figure 3 shows a set of examples achieved by our method. For each example, we show the second, fourth, sixth, and eighth frames of the input video and the edited output videos, as well as the corresponding text prompt and input images. It can be seen that LIVE is capable of handling these videos with prominent foreground objects and multiple foreground objects. We can accurately replace the objects with the input image. After having completed the replacement operation, the motion features of the edited videos are very natural, which are the same as those in the original video. Furthermore, our method can handle a wide range of object replacements. For example, as demonstrated in the second row, a motorcycle being ridden by a person can be replaced by a horse, or as shown in the fourth row, a car can be replaced by a train. These examples demonstrate the effectiveness of our LIVE method.



Comparisons. Figure 4 shows the four frames of the input video and output videos edited by LIVE, Vid2Vid-zero, Video-P2P, TAV + DDIM*, and Video-P2P*, and Paint-by-Example, where the ∗ means that the method has been implemented with textual inversion. Vid2Vid-zero is a training-free method and is thus not suitable for adding the textual inversion. All other baseline methods are designed for text-driven video editing. By comparing with LIVE editing videos, all other baseline methods, except for Vid2Vid-zero, can achieve textual inversion and generate the input objects. However, it can be seen that their image-driven video editing performance is not very satisfactory. Vid2Vid-zero can generate some general videos that basically reflect the overall picture but have poor motion. Video-P2P without textual inversion can generate much better videos, in which the background is well-preserved and impressive; however, the motion and pose of the object are blurry. TAV + DDIM can effectively replace the object in the input image into the video, thus obtaining the best edited videos. However, all the edited videos obtained by three baseline methods still maintain the original content of the video in the background. The image-based inpainting method Paint-by-Example is clearly weaker than ours in aspects such as temporal coherence and editing effects due to a lack of temporal information. It is worth noting that our LIVE approach can successfully achieve both object replacement and background preservation. The edited videos generated by the LIVE approach exhibit smoother and more continuous motion and thus have better overall video coherence.



Quantitative results. (1) CLIP score: To evaluate the text–video alignment, we choose the setting of Imagen Video [3] to calculate the CLIP score [44]. We first calculated at the frame level the CLIP scores of four methods and then calculated the average value of the calculated CLIP scores for each method and took the average value as the CLIP score of the method. As shown in Figure 5a, the CLIP score of LIVE is the highest of all the methods, demonstrating that our method possesses better text–video alignment. (2) User study: We further evaluate LIVE and the baseline methods based on a user study. The questionnaire includes five videos, each of which has been edited using three kinds of baseline methods and our LIVE. For each video, there are two questions. The first is which method best preserves the input image after having completed video editing? The second is which method has the best-preserved background after having completed video editing? The two questions correspond to the two challenges of our proposed image-driven video editing task, which are how to achieve accurate object replacement and video coherence. Since Paint-by-Example is an image-based inpainting method, comparing it with other methods on quantitative metrics, like background preservation and similarity, to the input image is obviously unfair. Therefore, we did not present the quantitative results of this method. As shown in Figure 5b,c, the majority of the participants agree that our LIVE method can more accurately replace objects than any other baseline methods. For background preservation, our LIVE method beat other baseline methods, except for the Video-P2P method, because the Video-P2P method utilizes null-text inversion and delicately devises an attention control mechanism to achieve better preservation results. Therefore, the user study confirms that our LIVE method performs much better than other baseline methods in object replacement.




4.2. Ablation Results


Latent prompt. Since our LIVE focuses on the latent prompt, we have first examined the influence of the latent prompt on the overall framework. As shown in Figure 6, it can be seen that under the case without a latent prompt, the texture and shape of the object cannot be well preserved, and there are some strange motions appearing in the output of edited videos, as shown in the red-line circles. After having added the latent prompt, precise object replacement has been achieved, and the motion becomes more continuous. Especially important is that we have not observed any strange motions in all the output edited videos with the latent prompt.



Training of temporal attention. During the second objective training process, our goal is to bind the text to the input image. Theoretically, this training should have been carried out on a 2D model without the time dimension. However, since our LIVE model has been extended to the 3D model, temporal attention must be involved during the whole training process. More intuitively speaking, temporal attention should not be trained during the second objective training process; otherwise, both the temporal attention and the binding quality between the text and the input images will be significantly affected. As shown in Figure 7, when temporal attention is trained during the second objective training process, the operation will not only make image learning not satisfactory but also lead to the appearance of artifacts. We discovered that freezing the temporal attention can significantly improve the overall results during the second objective training process.



Attention control. As shown in Figure 8, we can clearly observe the difference in background preservation with and without attention control. Without attention control, the background becomes noticeably darker compared to the original video, and the water splashes under the motorcycle tires are not adequately represented. However, these issues can be greatly alleviated using attention control, indicating the critical role of attention control, especially in preserving the original background while editing specific objects in the video.





5. Conclusions


In summary, a novel image-driven video editing (LIVE) framework is proposed in this paper. Based on LIVE framework, the image-driven video editing task has been successfully achieved in various video editing scenarios by replacing objects in various edited videos with input images. The important innovation of LIVE is to utilize the latent codes from reference images as latent prompts to rapidly enrich visual details. The novel latent prompt mechanism endows LIVE with two powerful capabilities: one is the comprehensively interactive ability between the video frame and latent prompt in the spatial and temporal dimensions, which is achieved by revisiting and enhancing cross-attention, and the other is the efficient expression ability of training continuous input videos and images within the diffusion space by fine-tuning various components such as latent prompts, textual embeddings, and LDM parameters. LIVE can efficiently generate various edited videos with visual consistency by seamlessly replacing the objects in each frame with user-specified targets. The high-definition editing videos from the demonstration experiment confirm that LIVE can precisely control the video editing process and achieve impressive performance on real-world images. This work provides a flexible way for the modification and generation of the edited videos and is expected to serve as a solid baseline for image-driven video editing research.



The major limitation of the proposed LIVE framework is its constrained ability to handle edits that involve substantial shape changes or cross-species transformations. This limitation arises due to the reliance on attention masks for object replacement. When the shape variation is too pronounced, the attention mask may not fully cover the object, leading to unsuccessful edits. This insight has led us to consider future developments that might employ methods like gradient-guided editing (e.g., DDS), which could overcome the limitations imposed by attention masks. Additionally, exploring pure video generation models might further improve editing capabilities, especially for extensive modifications.
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Figure 1. The difference between text-driven video editing and image-driven video editing. (a) Text-driven video editing uses text prompts to modify input videos for an iron man and can only obtain low-definition output videos. (b) Image-driven video editing uses an image prompt to delicately modify input videos for an S* man and can produce high-definition output videos. 
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Figure 2. Illustration of the proposed LIVE framework. (a) Overview of training: The T2I models are first inflated to the T2V models, and then the T2V models are trained with two objectives. The first objective training is that using the latent prompt fine-tunes text–video pairs to obtain the trained T2V models. The second training objective is that the input images are aligned with specific text that is embedded to achieve personalized video editing abilities. (b) Overview of inference: The T2V models trained by two objectives use modified text prompts to generate a series of edited videos. (c) An extensive explanation of LIVE: The core idea of our LIVE is to use the input videos as fine-tuning objects. We need to first obtain a noisy latent during the diffusion forward process, and then the noisy latent is concatenated with the latent prompt in frame dimension, and lastly, the concatenated boy is seen as an input of U-Net. We still need to update the attention block with the diffusion reconstruction loss. In the cross-frame attention blocks, all the features of the latent prompt zlp, the first frame z1, and the previous frame zi−1 are linearly projected to the K key (WK) and the V value (WV), while the features of the current frame zi are projected to the Q query (WQ). All the outputs are sent to cross-frame attention blocks to update zi. 
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Figure 3. LIVE results from various input videos, images, and prompts. LIVE can accurately replace the designated object in the input image with the corresponding object in the video under the condition of maintaining the visual continuity of the edited video. 
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Figure 4. Comparison of different edited videos by LIVE and the baseline methods. The ∗ means that the method has been implemented with textual inversion. Only LIVE achieves both accurate object replacement and video consistency. 
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Figure 5. Quantitative results obtained through the user study. The results show that our LIVE framework can obtain better performance in object replacement accuracy, background preservation, and clip score than other baseline methods. 
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Figure 6. Ablations on latent prompts. 
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Figure 7. Ablations on temporal attention. 
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Figure 8. Ablations on attention control. 
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