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A Reinforcement Learning-Based Automatic Video Editing
Method Using the Knowledge from Vision-Language Model

Anonymous Author(s)∗

ABSTRACT
In this era of videos, automatic video editing techniques attract
more andmore attention from industry and academia since they can
reduce workloads and lower the requirements for human editors.
Existing automatic editing systems are mainly scene- or event-
specific, e.g., soccer game broadcasting, yet the automatic systems
for general editing, e.g., movie or vlog editing, which covers various
scenes and events, is rarely studied before, and converting the
event-driven editing method to a general scene is nontrivial. To this
end, this paper proposes a two-stage scheme for general editing.
Firstly, unlike previous works extracting scene-specific features, we
leverage the pre-trained Vision Language Model (VLM) knowledge
to extract the editing-relevant representations as editing context.
Moreover, to close the gap between the professional-look videos and
the automatic productions generated with simple guidelines, we
propose a Reinforcement Learning (RL)-based editing framework to
formulate the editing problem and train the virtual editor to make
better sequential editing decisions. Finally, we define a new editing
task based on a real movie dataset to promote the research in an
automatic editing direction. Experimental results demonstrate the
effectiveness and benefits of the proposed context representation
and the learning ability of our RL-based editing framework.

CCS CONCEPTS
• Information systems → Multimedia content creation; •
Computing methodologies→ Video summarization; Scene un-
derstanding.
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1 INTRODUCTION
With the bandwidth’s development, video has become a prime
medium for conveying information [53]. In this situation, creating
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high-quality videos becomes more and more crucial. However, edit-
ing video or live multi-camera directing requires a multitude of
skills and domain expertise. Even for professional editors/directors,
editing and directing video streams are still challenging and labor-
intensive processes [36]. Typically, video editing involves the shot
selection problem and requires the editors to select and order the
shots from a vast footage gallery.

A few works have proposed different automatic editing systems
[2, 5, 35, 38, 48] and directing systems [4, 23, 44] for event-driven
scenes, where different view selection strategies are developed. For
example, Wang et al.[43] proposed a Finite State Machine (FSM)-
based online lecture broadcasting system; Arev et al. [2] used a
trellis graph to model the shot selection problem for editing social
videos; Recently, Pan et al. [31] proposed an event-driven smart
directing system for broadcasting soccer matches. The editing pro-
cess is illustrated in Fig.1(a), where the virtual editor selects a view
based on the scene events at each time point. They formulated the
view selection as an integer programming problem, maximizing
the holistic correlation and camera view diversity. However, these
methods are heuristic expert systems, and the qualities of their pro-
ductions heavily depend on empirical parameter tuning. Although
these systems are developed to mimic human editors using various
scenario-related hand-crafted features and empirical rules [14, 15],
there is still an aesthetic gap between automatic productions and
professional-looking videos due to the difficulties in transform-
ing empirical practices into computable formulas. Some systems
[42, 45] may allow users to tune the hyper-parameters, but trying
different parameter combinations will still cost a lot of time.

A similar problem also exists in the automatic cinematography
area, which focuses on automatically placing and moving the cam-
eras to capture well-composed photos or videos [8, 17]. To mitigate
the gap between professional productions and automatically gen-
erated productions, some recent works [16, 20, 22] start studying
the methods that learn a camera controller from expert behav-
iors directly or human productions. Inspired by these works, this
paper will explore a learning-based strategy to learn the editing
pattern styles from professional demonstrations, e.g., movies, for
general editing purposes. However, the definition of editing tasks
is ambiguous. Conventional heuristic editing systems are highly
scene-specific, limiting their applications to other scenes. Recently,
Argaw et al. [3] propose a video editing dataset and define a task
for assembling shots as selecting the next shot (Fig.1(b)), i.e., given
a sequence of proceeding shots as context, this task aims to retrieve
the next shot from the list of available shots. In practical application
scenarios, the shot list is not always available, and the editor might
need to edit the raw footage first, thus retrieving the next shot is
not feasible. From this angle, we start to study the intelligent virtual
editor by defining a new editing task (Fig.1(c)). Specifically, this
task aims to predict the multi-dimensional attributes of subsequent
shots, telling the apprentice editors what the next shot looks like
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rather than which shot is the next one. Thereby, the editor is able
to retrieve the shot or edit the raw footage based on the predicted
attributes. More details will be discussed in Sec.3.
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Figure 1: Definitions of different editing tasks. (a) is event-
driven editing; (b) edits video by retrieval; (c) is attribute
prediction-based editing.

Learning the editing pattern from demonstration videos of the
general scene is nontrivial. As the editing process of existing event-
driven editing systems [2, 35, 48], the learning-based editing under-
goes two stages, i.e., the representation extraction of context shots
and the methodology for training virtual editor. Although event-
driven editing systems have explored various features, e.g., soccer
events, these features are highly scene-specific and only sometimes
available when editing general scenes, e.g., movie scenes. On the
other hand, the representation for general editing is rarely studied
before, so it is still challenging to figure out the methods to distill
the context information for editing general scenes. Recently, pre-
trained Vision-LanguageModel (VLM) [32] has successfully assisted
various methods to make great progress in different tasks [29, 50]
by its great generalization and adaption abilities. Motivated by this,
we study how this powerful VLM can assist general editing tasks
and propose to leverage its extraordinary zero-shot recognition
capability to extract the attribute distributions of context shots as
the context representations. Afterward, a transformer-based neural
network is developed to encode the temporal relationship of con-
text representations for the prediction task. Relevant experiments
are conducted in Sec.4.

The manner of training a virtual editor also plays a crucial role.
Previous methods have attempted to train a Long Shot-Term Mem-
ory (LSTM) model [9, 47] as a virtual director with manual an-
notations in a supervised manner. Whereas editing video might
require sequential decisions, the virtual director/editor trained in a
conventional supervised way cannot produce optimal editing re-
sults. To this end, we propose a Reinforcement Learning (RL)-based
editing framework to optimize the virtual editor for making better
sequential editing decisions. The details are discussed in Sec.3. Fur-
thermore, to investigate the style/pattern learning capability and
the generalization of the proposed framework, we apply it to the
task of learning personal preferences in an event-driven scene, i.e.,
the automatic multi-camera lecture broadcasting [26, 34, 43] scene,
in Sec.4. Finally, we design a set of metrics to quantitatively evaluate
the effectiveness of the proposed representations and the editing
framework on the AVE dataset [3]. To the best of our knowledge,
this is the first work to explore the knowledge of VLM for general
editing purposes. It is also the first time to study the RL technique
for automatic editing/directing tasks.

In summary, we have made the following contributions:
• We define a new editing task and attempt to leverage the
knowledge of pre-trained VLM to represent the context shots
for general editing purposes.

• We proposed a general RL-based editing framework to opti-
mize the decisions for sequential editing.

• We develop a set of metrics and conduct experiments to
validate the benefits of the proposed components. Finally,
we further show an application practice of our framework
in a real-world broadcasting scene to examine its learning
capability.

2 RELATEDWORK
2.1 Automatic Video Editing
Automatic video editing/directing has attracted much attention
recently [33, 36, 39, 53]. As a core part of video editing, various
camera view selection algorithms have also been proposed for dif-
ferent applications. For example, Wang et al.[44, 51] define a set
of selection rules in their system to select the camera for broad-
casting soccer games, mimicking an experienced broadcaster. Some
other systems [5, 38] adopted a simple yet feasible greedy selection
strategy for editing user-generated videos, in which the cameras
are selected to maximize the pre-defined scores. For the scene of
online lecture broadcasting, the FSM has been employed to model
the view-switching process in previous works [26, 34, 43]. More-
over, Daniyal2011 et al.[12] adopted a Partially Observable Markov
Decision Process (POMDP) to model the view selection in editing
basketball videos. There are also some studies [21, 31, 46, 48] that
formulate the camera selection as an optimization problem, which
can be solved with dynamic programming techniques.

Nevertheless, The productions from these heuristic methods
cannot always fulfill audiences’ preferences or professional styles.
These methods are developed upon a set of scene-specific features,
e.g., visibility of objects-of-interest [7, 46], the size of the object [46],
transition constraints [5, 7, 46], and stability [5, 44], etc. Although
they are expected to represent professional editing/directing prac-
tices precisely, there is a gap in different preferences and a gap

2023-05-04 16:17. Page 2 of 1–10.



Un
pu
bli
sh
ed
wo
rki
ng
dra
ft.

No
t fo
r d
ist
rib
uti
on
.

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

A Reinforcement Learning-Based Automatic Video Editing Method Using the Knowledge from Vision-Language Model Woodstock ’18, June 03–05, 2018, Woodstock, NY

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

in the transformation from a library of features to professional
editing elements. To this end, another line of works studies the
data-driven camera selection strategies and trains a regressor [9]
to rank the camera’s importance. Yet these methods require large
numbers of real-valued labels(visual importance). In addition, these
data-driven methods, and the above heuristic methods, are limited
to particular working scenes. Therefore, this paper explores a more
general editing representation and proposes an RL-based editing
framework for editing videos of general scenes.

2.2 Learning-Based Video Cinematography
Video cinematography is also a crucial part of the art of video
production. Automated cinematography also encounters a simi-
lar problem: the productions from rule-based cinematography are
far from satisfactory [52]. Therefore, research in cinematography
started to explore learning-based methods. In drone cinematogra-
phy, Gschwindt et al.[16] proposed a system trained under a deep
RL framework to choose the shot type that maximizes a reward
based on a handcrafted aesthetic metric. This work is further im-
proved by Bonatti et al.[6] to solve the occlusion avoidance problem
and optimize the trajectory. Another line of works [19, 20] for drone
cinematography train a prediction network to estimate the next lo-
cation and shot angle of the drone, given the past locations and the
pose of the character. The goal of these works is to make the style of
autonomous videos approach that of trained videos. Besides drone
cinematography, some other works also have studied autonomous
cinematography for filmmaking [22, 52] or photograph [1] using
deep RL. The reward functions promoting the agent training are
derived from the aesthetics measurements on frame content or a
trained model with aesthetic analysis dataset [30]. However, it is
a non-trivial task to apply the learning algorithms of autonomous
cinematography to autonomous editing. The cinematography style
or aesthetics reward can be measured on the frame content, but
measuring the editing style of the camera sequence is super chal-
lenging.

3 THE PROPOSED METHOD
3.1 Problem Definition
Although the concept of automatic editing has been proposed for a
long time, the definition of the editing task still remains ambigu-
ous. Recently, Argaw et al. [3] publish a large-scale movie dataset
AVE that covers a wide variety of scenes and defines a total of
8 shot attributes, including shot size, shot angle, shot type, shot
motion, shot location, shot subject, number of people, and sound
source. An editing task is defined as the next shot selection in their
work, but the candidate list they assume is not always available in
practice. In more general cases, the apprentice editor might prefer
to obtain some guidance to create a suitable subsequent shot. To
this end, we formulate a new editing task as predicting the shot
attributes of subsequent shots. Concretely, given the historical con-
text shots {𝑆0, 𝑆1, . . . , 𝑆𝑛}, our task aims to predict the attributes
{𝐴𝑛+1, . . . , 𝐴𝑛+𝑀 } of subsequent shots {𝑆𝑛+1, . . . , 𝑆𝑛+𝑀 }. The at-
tributes 𝐴𝑖 = (𝑎1, . . . , 𝑎8) of each shot is an 8-dimension vector,
and each element represents a class of the corresponding attribute.
As a result, with the predicted attributes 𝐴𝑖 , users can retrieve a

suitable shot to assemble from the available candidate list or create
a suitable shot from raw footage.

To solve the general editing problem, this paper proposes a two-
stage scheme that includes representation extraction and virtual
editor training stages, as shown in Fig.2. In the first stage, we
transfer the cross-modal knowledge of VLM to extract the editing-
relevant representation without using any other manual label. In
the second stage, our editing framework trains a virtual editor/actor
based on the extracted features to make sequential decisions.

3.2 Context Representation
The features used to present the historical context are super crucial
in video editing. The virtual editor needs to fully understand the
high-level semantics of context before making a decision like a
human editor, and a proper context representation helps the agent
understand the context better. As previous high-level semantics
e.g., the positions and numbers of players [46], the event [43], for
event-driven scenes might be unavailable in general scenes, some
works [3, 9] use pre-trained action recognition model, e.g., R3D
[41], to extract the context features. However, these deep features
are not interpretable and do not carry the semantics needed for
editing, since the feature model focuses more on the information
for discriminating action categories rather than editing.

The context representation should be general and editing-relevant,
but no previous work has studied this field before. Fortunately, we
notice that pre-trained VLM, e.g., CLIP [32], XCLIP [28], has shown
its strong generalization abilities in different tasks recently, and
its comprehensive knowledge is leveraged to improve traditional
close-set methods to an open task domain, e.g., open-vocabulary
detection [29] and segmentation [50]. Inspired by this, we attempt
to transfer the general knowledge of VLM to the editing domain.
In this paper, we choose the XCLIP model, which is trained with
masses of paired video-text data covering a variety of domains, as
the knowledge source, and perform zero-shot recognition ability to
extract the attribute distributions of context shots as representation.
Specifically, for each attribute 𝑎𝑖 , we first construct a set of text
prompts using all class names of 𝑎𝑖 . For example, the set of prompts
𝑃𝑖 for shot angle attribute is constructed as "it is a/an aerial shot", "
it is a/an overhead shot", "it is a/an low angle shot", etc. These text
prompts are fed into the text encoder of XCLIP to calculate the
prompt embedding 𝐸𝑡

𝑖
∈ 𝑅𝐶𝑖×𝑑 where 𝐶𝑖 denotes the number of

classes of 𝑎𝑖 , and the visual embedding 𝐸𝑣
𝑗
∈ 𝑅𝑑 of context shot 𝑆 𝑗

are extracted by the video encoder:

𝐸𝑡𝑖 = 𝑇𝑒𝑥𝑡𝐸𝑛𝑐𝑜𝑑𝑒𝑟 (𝑃𝑖 ), 𝐸𝑣𝑗 = 𝑉𝑖𝑑𝑒𝑜𝐸𝑛𝑐𝑜𝑑𝑒𝑟 (𝑆 𝑗 )

The attribute distribution 𝑝 𝑗,𝑖 ∈ 𝑅𝐶𝑖 of 𝑆 𝑗 over 𝑎𝑖 are obtained by
applying softmax function on the similarity 𝐷 𝑗,𝑖 ∈ 𝑅𝐶𝑖 between 𝐸𝑡

𝑖
and 𝐸𝑣

𝑗
, that is

𝐷 𝑗,𝑖 = 𝐸𝑡𝑖 𝐸
𝑣
𝑗 , 𝑝 𝑗,𝑖 [𝑘] =

𝑒𝐷 𝑗,𝑖 [𝑘 ]∑
𝑒𝐷 𝑗,𝑖 [𝑘 ]

We calculate the distributions over all attributes {𝑎1, . . . , 𝑎8} in
the same way for each context shot, and the information of 𝑆 𝑗 is
represented as 𝐴 𝑗 = [𝑝 𝑗,1 | . . . |𝑝 𝑗,8] where | denotes the concatena-
tion operation. As a result, the information of all context shots is
defined as {𝐴0, . . . , 𝐴𝑛}.
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Figure 2: The architecture of the proposed method and its training and testing processes.

3.3 RL-Based Editing Framework
Another essential stage in the automatic video editing method is
shot/view selection. Existing heuristic methods integrate various
empirical rules summarized by professional experts in the selection
process. Yet the difficulties in precisely transferring these rules
into computable formulas may result in a gap between the resul-
tant videos and the professional-look videos. In addition, the users
are still required to manually fine-tune the parameters to ensure
a high-quality resultant video. Recently, some studies start to ex-
plore learning-based methods to broadcast a scene automatically.
A main difference between broadcasting/directing and general edit-
ing is that general editing may involve sequential decisions, while
broadcasting can be treated as one-shot editing only. Therefore,
traditional supervised learning methods cannot tackle sequential
editing well. To overcome this problem, we propose an RL editing
framework to handle sequential editing problems. There are three
key elements, i.e., state, action, and reward, to be defined.

State: The state 𝐸 in our framework is the information source
to guide the virtual editor to make decisions. It can be arbitrary
features extracted from the input streams. For example, for event-
driven editing, handcrafted features [11, 27] or high-level semantic
features [18, 45] can be used to define a state. In the movie editing
scene, we define a state as the attribute distributions of context
shots, i.e., 𝐸0 = [𝐴0 | . . . |𝐴𝑛]. State 𝐸0 is fed into the actor network
to predict the attribute distribution𝐴𝑛+1 of 𝑆𝑛+1, then a subsequent
state 𝐸1 = [𝐴1 | . . . |𝐴𝑛 |𝐴𝑛+1] is used to predict the attributes 𝐴𝑛+2
of 𝑆𝑛+2. To intensify the temporal relationship among the shots, we
will additionally add position embedding to the shot representation,
just like the word embedding in the transformer model will be
assigned with positional encodings.

Action The action𝑂 is the editing decision by the virtual editor,
and the definition of its space depends on the goal of the task. For
example, in the directing scene, the action space could be defined
as the indices of cameras to be broadcasted. In the movie editing

task, we define an action as an 8-dimensional vector, 𝑂 ∈ R8, with
each element indicating a class of the attribute.

Reward Reward 𝑟 is an essential part that encourages the virtual
editor to make decisions, and it measures how good the action taken
is. Technically, a larger reward means that the action token is better.
In our task setting, an action is an 8-dimensional vector, so we set
the reward at each step is also an 8-dimensional vector to measure
the predicted attributes independently. Let 𝐴𝑖 ∈ R8 and 𝐴𝑖 ∈ R8

denote the action predicting the attributes of 𝑆𝑖 and the ground-
truth attributes, respectively, we define the reward vector as:

𝑟 = 𝑅(𝐴𝑖 , 𝐴𝑖 )
= [I(𝐴𝑖 [1], 𝐴𝑖 [1]), . . . , I(𝐴𝑖 [8], 𝐴𝑖 [8])],where,

I(𝑎, 𝑎) =
{

1, if 𝑎 = 𝑎

−1, otherwise.

Training We develop our RL framework with an actor-critic
scheme [25, 37, 40] to make framework more effective and general.
The goal of training is to find the optimal policy/actor network 𝜋

maximizing the total discounted reward R in an editing episode.
Let 𝑟𝑡 and 𝛾 denote the immediate reward at the t-th step and the
discount factor, respectively, the total discounted reward R and the
optimal policy 𝜋∗ is defined as:

R =

𝑇∑︁
𝑡=0

𝛾𝑡−1𝑟𝑡 , 𝑡 = 0, 1, . . . ,𝑇 , 𝜋∗ = arg maxE(R|𝜋)

To achieve this goal, two networks, a critic network 𝑉 and a
policy/actor network 𝜋 will be trained. The critic network aims
to measure how good the action taken is, and its outputs will
be used to indicate the updated direction of the policy network.
Specifically, we build a Multi-Layer Perception (MLP) model as
the critic network and it takes as inputs the context representa-
tion 𝐸𝑖 = [𝐴𝑖 | . . . |𝐴𝑛+𝑖 ] and the action 𝐴𝑛+𝑖+1 sampled from 𝜋 (𝐸𝑖 ),
and returns an 8-dimensional vector indicating the quality score

2023-05-04 16:17. Page 4 of 1–10.
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of sequence {𝐴𝑖 , . . . , 𝐴𝑛+𝑖 , 𝐴𝑛+𝑖+1} and the expected future cumula-
tive discounted reward from state 𝐸𝑖+1 = [𝐴𝑖+1 | . . . |𝐴𝑛+𝑖 |𝐴𝑛+𝑖+1].
Training critic network requires defining the advantage function,
which indicates how much reward is gained by taking current ac-
tion compared to the average decisions. The advantage function
A ∈ R8 at time 𝑡 is defined as:

A = 𝛿𝑡 + 𝛾𝛿𝑡+1 + · · · + 𝛾𝑇−𝑡+1𝛿𝑇−1

𝛿𝑡 = 𝑟𝑡 + 𝛾𝑉 (𝐸𝑡+1, 𝐴𝑛+𝑡+1) −𝑉 (𝐸𝑡 , 𝐴𝑛+𝑡 )
(1)

The objective function 𝐿𝑐𝑟𝑖𝑡𝑖𝑐 for training 𝑉 is to minimize the
advantage function, 𝐿𝑐𝑟𝑖𝑡𝑖𝑐 = 1

2 | |A||2.
We use a transformer-based architecture as the backbone of the

actor network due to its excellent ability to explore the temporal
relationships among the tokens. The actor network takes as input
the editing context 𝐸𝑖 = {𝐴𝑖 , . . . , 𝐴𝑛+𝑖 } and treats each shot repre-
sentation as a token embedding, and the final global embedding
is passed to eight MLP heads followed by a softmax function to
generate the distributions 𝐴𝑛+𝑖+1 of 8 attributes. The update direc-
tion of policy network 𝜋 will depend on the advantage function A
as it measures the profits of the actions sampled from 𝜋 , thus the
objective for training policy network is defined as follows:

𝐿𝑎𝑐𝑡𝑜𝑟 =
∑︁

− log𝜋𝜃 (𝐴𝑛+𝑡 |𝐸𝑡 )A (2)

Intuitively, when the sampled action 𝐴𝑛+𝑡 leads to a large positive
A, the probability of 𝐴𝑛+𝑡 will be increased, and vice verse.

The overall training process at a step is shown in Fig.2. At state
𝐸𝑖 , an action 𝐴𝑛+𝑖+1 is first sampled from 𝜋 (𝐸𝑖 ) and passed to the
environment to acquire the reward 𝑟𝑖 , then a new state 𝐸𝑖+1 is
constructed and a new action 𝐴𝑛+𝑖+2 is sampled. This process pro-
ceeds until the maximum length is reached, and a sequence of
(𝐸𝑖 , 𝐴𝑛+𝑖+1, 𝑟𝑖 )𝑖=1:𝑇 is obtained. Afterward, 𝐴𝑛+𝑖+1 and 𝐸𝑖 are fed
into 𝑉 to compute a score, which will be compared with cumula-
tive discounted reward to calculate the advantage of 𝐴𝑛+𝑖+1. This
advantage will be used to update 𝑉 and 𝜋 .

4 EXPERIMENTS
In this section, we will first introduce the dataset and the evaluation
metrics of the proposed new task. Afterward, we will conduct vari-
ous experiments to validate the superiority of the proposed context
representation and the RL-based editing framework. Finally, we
will apply our editing framework on an online lecture broadcasting
scene, which is an event-driven scene, to examine its generalization
ability.

4.1 Dataset and Metric
Dataset We conduct the experiments on a public dataset, AVE,
which collects the videos from real movie scenes that cover a wide
range of genres. A movie scene consists of 35.09 shots on average,
and the shot boundaries in seconds have been annotated. Thereby
a total number of 196,176 shots are segmented out from all the
movie scenes, and the attributes of each shot are manually labeled
which helps to evaluate algorithms objectively. We follow the same
protocol as AVE, where 70 percent of scenes are used for training,
10 percent for validation, and the left 20 percent are used as the
test set. In line with the work, we sample 9 consecutive shots from
each scene at a time, the first 4 shots, i.e., n=4, in this sequence are

encoded as the initial editing context to predict the attributes of
the next shot. For a fair comparison with previous work which for-
mulates the editing process as a retrieval problem, we also perform
a retrieve task with the predicted attributes, and the candidate list
is composed of the 5 remaining shots.
Evaluation Metrics For the retrieval task, we evaluate the method
with the 𝑟𝑎𝑛𝑘1 metric which is defined as the percentage of the
correct retrievals where the ground-truth shot is the first shot of
the original candidate sequence. For the attribute prediction task,
we report average per-class accuracy 𝐴𝑐𝑐𝑖 and the overall accuracy
𝐴𝑐𝑐 . Let 𝑎𝑖 and 𝑎𝑖 denote the predicted and ground-truth class of
the 𝑖-th attribute, the metrics is defined as:

𝐴𝑐𝑐𝑖 =
1
𝑁

𝑁∑︁
𝑎𝑖 == 𝑎𝑖

𝐴𝑐𝑐 =
1
𝑁

𝑁∑︁
(𝑎1 == 𝑎1)&& . . .&&(𝑎8 == 𝑎8) =

1
𝑁

𝑁∑︁
𝐴 == 𝐴

where 𝑁 is the number of samples. The above metrics are designed
for one-shot editing, yet editing is a sequential process. To validate
the ability to make sequential decisions, we further develop the
metrics, two-shot retrieve accuracy 2 − 𝑟𝑎𝑛𝑘1 and two-shot overall
attribute accuracy 2 −𝐴𝑐𝑐 , to evaluate the two-shot editing ability
[49]. The two-shot editing metrics are based on the assumption that
the decisions for the first shot are completely correct. Let 𝑆𝑖+𝑛+1
and 𝑆𝑖+𝑛+2 denote two consecutive retrieved shots for a sample
{𝑆𝑖 , . . . , 𝑆𝑖+𝑛} , and the corresponding ground-truth shots are 𝑆𝑖+𝑛+1
and 𝑆𝑖+𝑛+2, then 2 − 𝑟𝑎𝑛𝑘1 is defined as:

2 − 𝑟𝑎𝑛𝑘1 =
1
𝑁

𝑁∑︁
(𝑆𝑖+𝑛+1 == 𝑆𝑖+𝑛+1)&&(𝑆𝑖+𝑛+2 == 𝑆𝑖+𝑛+2)

In the calculation of 2-shot accuracy 2−𝐴𝑐𝑐 , the predicted attributes
𝐴𝑖+𝑛+1 and 𝐴𝑖+𝑛+2 are compared with the ground-truth attributes
𝐴𝑖+𝑛+1 and 𝐴𝑖+𝑛+2, that is:

2 −𝐴𝑐𝑐 =
1
𝑁

𝑁∑︁
(𝐴𝑖+𝑛+1 == 𝐴𝑖+𝑛+1)&&(𝐴𝑖+𝑛+2 == 𝐴𝑖+𝑛+2)

4.2 Implementation Details
During the representation process in Sec.3.2, we adopt the text and
video encoders of the pre-trained XCLIP model to extract multi-
modal representations and 32 frames are uniformly sampled from
each shot as the input to the video encoder. The editing context
length 𝑛 is set to 4, the total dimension of attribute distributions is
7 + 6 + 3 + 6 + 6 + 9 + 8 + 6 = 51, thus the dimension of the editing
context is 4∗51 = 204. In our RL-based editing framework, we build
the critic network with a Multi-Layer Perception (MLP) network,
which takes the input of the concatenation of the editing context
and the sampled action. As for the policy network, we adopt the
ViT [13] architecture without the patch embedding module, thus
the editing context is reshaped as a token sequence with a length
of 4 and fed directly to the first transformer block. The critic and
policy networks are trained using two Adam optimizers under the
Pytorch framework with a learning rate of 1e-4. To speed up the
training under the RL framework, we first pre-train a model which
has the same architecture as the policy network in a supervised
manner, then its parameters are used to initialize the policy network
to conduct reinforcement learning.
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Methods 𝐴𝑐𝑐𝑛𝑝 𝐴𝑐𝑐𝑠𝑎 𝐴𝑐𝑐𝑠𝑙 𝐴𝑐𝑐𝑠𝑚 𝐴𝑐𝑐𝑠𝑠 𝐴𝑐𝑐𝑠𝑢𝑏 𝐴𝑐𝑐𝑠𝑡 𝐴𝑐𝑐𝑠𝑜𝑢 1 −𝐴𝑐𝑐 2 −𝐴𝑐𝑐 reward 𝑟𝑎𝑛𝑘1 2 − 𝑟𝑎𝑛𝑘1
Random 12.9 18.2 33.8 16.1 17.1 11.5 12.4 16.9 0.0 0.0 2.7 18.7 4.1
MLP 39.1 85.2 81.4 54.2 73.7 82.3 46.4 83.2 7.7 2.5 10.9 42.4 25.3
LSTM 39.2 85.2 81.6 54.9 73.7 82.6 46.5 83.3 7.9 2.3 11.0 42.5 25.6
Trans 40.8 85.3 81.4 55.5 75.0 83.7 46.1 83.8 8.4 2.4 11.0 43.7 24.7

RL(Ours) 52.3 86.3 89.1 59.9 74.9 85.3 51.2 84.0 11.0 3.2 11.5 46.7 28.4
Table 1: The performance comparisons among different methods. The best result is highlighted with bold type.

Methods Feat. 𝐴𝑐𝑐𝑛𝑝 𝐴𝑐𝑐𝑠𝑎 𝐴𝑐𝑐𝑠𝑙 𝐴𝑐𝑐𝑠𝑚 𝐴𝑐𝑐𝑠𝑠 𝐴𝑐𝑐𝑠𝑢𝑏 𝐴𝑐𝑐𝑠𝑡 𝐴𝑐𝑐𝑠𝑜𝑢 1 −𝐴𝑐𝑐 2 −𝐴𝑐𝑐 𝑟𝑎𝑛𝑘1 2 − 𝑟𝑎𝑛𝑘1

RL

R3D 44.8 84.2 82.7 55.3 73.0 82.1 46.4 83.2 8.4 2.3 42.4 22.5
CARL 37.6 82.4 73.1 45.2 74.9 83.1 46.1 81.0 6.9 1.8 42.6 24.0
CLIP 38.3 83.6 74.8 51.1 75.0 83.8 47.6 83.4 7.2 1.9 42.7 23.9

XCLIP-vis 35.2 86.4 72.0 47.1 74.3 84.4 44.3 84.0 8.0 2.2 43.2 22.8
GT-ad 59.2 86.5 94.7 73.8 80.1 90.3 59.0 86.4 23.8 10.4 50.5 30.0

XCLIP-ad 52.3 86.3 89.1 59.9 74.9 85.3 51.2 84.0 11.0 3.2 46.7 28.4
Table 2: The performance comparisons among the methods using different representations as editing context.

4.3 Comparisons
In this section, we will compare our method with serval baselines in
terms of the attribute prediction task. We conduct this experiment
with 5 methods: 1) Random, randomly predict the shot attributes;
2) MLP, an MLP network with 8 classification heads is trained
with the cross entropy as the objective function, using the features
extracted from R3D model; 3)LSTM [9], to model the temporal
relationship, we implement an LSTM-based network and train it
with the R3D features. 4) Trans., the actor network trained in the
same way as MLP using the proposed representations. 5) RL, the
proposed method. The results are reported in Table.1, it can be
observed that the proposed method outperforms all the baseline
methods in most of the metrics except for the accuracy of the
shot subject attribute 𝐴𝑐𝑐𝑠𝑠 . Especially, for the metrics of {1 −
𝐴𝑐𝑐, 2 −𝐴𝑐𝑐}, our method improves traditionalMLP and LSTM by
{3.3%, 0.7%} and {3.1%, 0.9%}, respectively. After applying our RL
editing method, the reward gained also improves from 11.0 to 11.5.
These improvements benefit from the proposed representations
and RL-based editing framework. Besides attribute prediction, we
also compare these methods on the retrieval task. The predicted
attributes are used as a query to retrieve the shot with the closest
attributes from the candidate list, and the one-shot and two-shot
retrieval results, 𝑟𝑎𝑛𝑘1 and 2 − 𝑟𝑎𝑛𝑘1, are also listed in Table.1.
Even if evaluated on the retrieval task, our method of predicting
attributes is still effective and outperforms baseline methods in
both metrics consistently.

4.4 Ablation Study
Representation. In this section, we will inspect the effectiveness
of the proposed context representations. Specifically, we compare
the performances of methods using other five kinds of represen-
tations, including 1).R3D [41], this feature has been used by pre-
vious automatic editing systems; 2). CARL [10], a self-supervised
learning-based video representation model; 3). CLIP [32], a cross-
modal model trained with image-text pair data. We use the image
encoder of CLIP to extract frame-wise features, and the average
frame feature is used as the shot representation; 4). XCLIP-vis,

XCLIP [28] is also a cross-modal model trained with video-text
pair data. Unlike the proposed representation which calculates the
similarities between vision features and textual features, we use the
embedding from the video encoder directly as the representation in
this experiment; 5). GT-ad, To prove the rationality of the assump-
tion that the attribute information of context shots helps to make
correct editing decisions, we encode the ground-truth attributes
of context shots as one-hot vectors and cascade these vectors as
representations.

The results are listed in Table.2, where XCLIP-ad represents the
proposed attribute distribution representation. R3D, CARL, CLIP,
and XCLIP-vis are all visual features, so it is not surprising that
the methods using them achieve similar performances. However,
since they are not designed particularly for the editing task, the
performances using them are relatively low when compared with
the method using our representation, XCLIP-ad. Specifically, the
best feature among them, R3D, attains 2.6% and 0.9% lower 1−𝐴𝑐𝑐

and 2−𝐴𝑐𝑐 thanXCLIP-ad dose. Moreover, we can observe that the
ground-truth attribute encodingGT-ad outperforms other methods
by a large margin and achieves the best result in all metrics. This
observation also justifies that the direction of exploring context
attributes is promising, even though there is still a gap.
RL-based framework. Another core component in our method is
the RL-based editing framework. In this section, we will investigate
the benefits of learning to make sequential editing decisions. We ap-
ply our RL framework to three baseline methods, i.e., MLP, LSTM,
and Trans., and the results with and without RL are reported in
Table.3. By comparing the results in two-shot metrics, i.e., 2 −𝐴𝑐𝑐

and 2− 𝑟𝑎𝑛𝑘1, where our editing framework consistently improves
the baseline methods, it can be concluded that the proposed frame-
work does help to make sequential decisions. Surprisingly, after
applying our framework, the performances of baseline methods in
one-shot metrics, i.e., 1 −𝐴𝑐𝑐 and 𝑟𝑎𝑛𝑘1, are increased as well. The
reason is that the first shot decision influences the decision of the
second shot, so the framework will adjust the first shot decision
to make sequential decisions to achieve higher rewards during the
training process.
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Figure 3: The retrieved sequences generated by our method and a feature-based method.

Methods 1 −𝐴𝑐𝑐 2 −𝐴𝑐𝑐 𝑟𝑎𝑛𝑘1 2 − 𝑟𝑎𝑛𝑘1
MLP 8.4 1.5 44.1 24.4

MLP+RL 9.1 2.0 45.8 25.5
LSTM 9.0 2.3 45.7 25.1

LSTM+RL 9.9 2.5 46.0 26.0
Trans. 8.4 2.4 43.7 24.7

Trans.+RL 11.0 3.2 46.7 28.4
Table 3: The performance comparisons between the methods
with (+RL) and without RL.

4.5 Qualitative Results
Previous method [3] has attempted to use the LSTM network to
estimate the visual feature to retrieve the next shot, and the features
used for training are extracted with a pre-trained R3D model. To
intuitively illustrate the benefits of our method, we implement the
above method by ourselves and visualize three retrieved sequences
from both our attribute-based method and the above feature-based
method in Fig.3. From this figure, it can be seen that the feature-
based method tends to retrieve visually similar shots e.g., the 1-st
row, the 3-rd row, and the 1-st retrieved shot of the fifth row, and
these resultant sequences do not follow the empirical editing rules
in dialogue scenes [24]. One reason might be that the shot retrieval
is based on the feature similarities between the estimated visual
feature and the features of candidate shots, so visually similar shots
are preferred by the feature-basedmethod. In contrast, our attribute-
based retrieval results in more diverse sequences, which basically
follow the shot order in the dialogue scenes, e.g., show the speaking
characters alternatively. From this angle, the proposed presentation
is more suitable for the editing task.

4.6 Evaluation in Event-Driven Scene
Application background To verify that our editing framework is
also feasible in event-driven directing/editing scenes, we apply our
RL-based editing framework to learn the editing/directing style of
online lecture broadcasting. The task of automatic online lecture
broadcasting is to select a view from multiple cameras to broadcast
at a time. A few automatic editing systems [26, 34, 43] for this task

have been studied, yet these heuristic methods only generate a
mechanical broadcasting stream and cannot meet the preferences
of different students. For example, some students prefer to watch
slide view when there is no particular event happening, while some
students might focus more on the teacher’s view. Therefore, we
will conduct experiments to validate that the proposed editing
framework can also tackle this problem. In other words, we will
show that our method can learn individual preferred styles from
some given watching records.
Data preparation The experiment is conducted in a classroom
where 7 cameras are deployed to shoot the class from different
angles, including the slide close-up shot, left and right blackboard
close-up shots, left and right medium shots, overall long shot, and
student shot. To train and evaluating the policy network, it demands
stylistic watching records as the ground-truth selections. As it is
challenging to collect the stylistic records, we employ a simulated
scheme to generate them. Concretely, we collect 7 synchronized
videos with a length of 𝑇 time units (frame or second) from a
real class for training, and 7 videos from another class are used
as a testing scene. Next, the representations 𝐹 = {𝑓𝑡 }𝑡=1:𝑇 , 𝑓𝑡 =

[𝑓 𝑒𝑡 |𝑓 𝑣𝑡 |𝑓 𝑠𝑡 ] which counts the event information 𝑓 𝑒 , view transition
constraints 𝑓 𝑣 , and switch penalty 𝑓 𝑠 , are extracted and fed to a
parameterized heuristic editing method𝐻 () [18] to generate a view
sequence as watching records. Therefore, the ground-truth view
selections, 𝑌 𝑡𝑟 = {𝑦𝑡𝑟𝑡 }𝑡=1:𝑇 and 𝑌 𝑡𝑒𝑠𝑡 = {𝑦𝑡𝑒𝑠𝑡𝑡 }𝑡=1:𝑇 for training
and testing are obtained as :

𝑌 𝑡𝑟 = 𝐻 (𝐹 𝑡𝑟 , 𝜔), 𝑌 𝑡𝑒𝑠𝑡 = 𝐻 (𝐹 𝑡𝑒𝑠𝑡 , 𝜔)
where𝜔 is the parameter vector controlling the styles of view selec-
tions. The view sequences generated with different𝜔 are considered
sequences of different styles.
RL problem Supposing 𝑌 𝑡𝑟 and 𝑌 𝑡𝑒𝑠𝑡 are generated with the same
𝜔 on two different classes, the goal of our framework is to train a
policy network with data 𝐹 𝑡𝑟 and 𝑌 𝑡𝑟 , which then takes as input
𝐹 𝑡𝑒𝑠𝑡 to generate view sequence approaching 𝑌 𝑡𝑒𝑠𝑡 . The purpose of
this experiment is to prove whether the policy network learns the
style of 𝑌 𝑡𝑟 with our framework. As we mainly focus on investigat-
ing the learning ability and the feasibility of learning the style from
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Figure 4: The sequences generated by the trained actors of three styles and the corresponding ground-truth sequences.

the labeled sequence, the state representation at time 𝑡 is simply
defined as 𝑓𝑡 , and the action space is defined as the camera indices,
𝑦𝑡 ∈ {1, . . . , 7}. The reward function 𝑅() is:

𝑅(𝑦,𝑦) =
{

1, if 𝑦 == 𝑦

−1, otherwise.

when the sampled action 𝑦 is the same as the ground-truth action 𝑦,
the function returns a positive reward, and vice versa. The objective
functions for training critic and actor networks remain the same as
Eq.1 and Eq.2. For simplicity, two MLP models are adopted as the
architectures of critic and actor networks.
EvaluationDuring the experiment, we use three different {𝜔𝑖 }𝑖=1:3
to generate ground-truth training and testing sequences, {𝑌 𝑡𝑟

𝑖
}𝑖=1:3

and {𝑌 𝑡𝑒𝑠𝑡
𝑖

}𝑖=1:3, and these three paired dataset {(𝑌 𝑡𝑟
𝑖
, 𝑌 𝑡𝑒𝑠𝑡

𝑖
)}𝑖=1:3

are used to train and evaluate three policy networks separately, rep-
resenting three virtual editors of different styles. For each style, we
report the comparisons between the predicted sequence 𝑌 𝑡𝑒𝑠𝑡

𝑖
and

the ground-truth sequence 𝑌 𝑡𝑒𝑠𝑡
𝑖

in terms of the overlap ratio 𝑅𝑎𝑡𝑖𝑜
and three sequence properties, i.e., the average shot length 𝐿𝑎𝑣𝑔 ,
the maximum shot length 𝐿𝑚𝑎𝑥 , and the number of switches 𝑁𝑠𝑤 .
The results are listed in Table.4, the trained actor can generate se-
quences that are close to the corresponding ground-truth sequence
in testing scenes. For example, the sequence 𝑌 𝑡𝑒𝑠𝑡

1 generated by the
actor trained with 𝑌 𝑡𝑟

1 in the testing class achieves an overlap ratio
of 99% with 𝑌 𝑡𝑒𝑠𝑡

1 , and the properties such as average shot length,
the maximum shot length are also close. The same conclusion is
also obtained in the other two styles. These comparisons prove that
our editing framework is able to learn the editing styles from the
stylistic sequences.

In Fig.4, we visualize the generated sequences of three stylistic
actors and the corresponding ground-truth sequences in a test-
ing class. It is obvious that the editing patterns or styles of the
three ground-truth sequences are truly different, e.g., the top-left

sequence displays the slide view (0) more frequently, the top-right
sequence contains more the close-up view (1), and the bottom-left
sequence regularly displays the slide view and the close-up view.
Thus, the goal of the stylistic actor networks is to generate the cor-
responding stylistic sequences. The figures of automatic sequences
(generated by actor networks) show similar patterns as their ground
truth. This result confirms that our RL-based editing framework
can generalize to event-driven scenes and learn different editing
styles.

style 𝑅𝑎𝑡𝑖𝑜 𝐿𝑎𝑣𝑔 𝐿∗𝑎𝑣𝑔 𝐿𝑚𝑎𝑥 𝐿∗𝑚𝑎𝑥 𝑁𝑠𝑤 𝑁 ∗
𝑠𝑤

𝜔1 0.99 25.3 26.6 71 71 121 115
𝜔2 0.98 23.3 23.7 75 76 131 129
𝜔3 0.99 40.0 40.0 61 61 76 76

Table 4: The editing results on three stylistic test sets. ∗ indi-
cates the properties of ground-truth sequences.

5 CONCLUSION
In this paper, we formulate a new editing task as next shot at-
tribute prediction, which is more helpful in practice compared with
retrieval-based editing. Next, a new shot attribute-based editing
representation is proposed, experimental results show that this rep-
resentation benefits general-scene editing and is superior to other
visual features. Furthermore, to bridge the gap between the videos
generated by heuristic rules and the professional-look videos, we
propose an RL-based editing framework to train the virtual editor
with professional videos. Extensive experiments are carried out
on a real movie dataset to demonstrate that our framework can
directly learn the editing patterns from well-edited movies and
make sequential editing decisions. Finally, we conduct experiments
in an online lecture broadcasting scene, which prove that the RL
editing framework can generalize to event-driven editing.
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