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Abstract

As expectations for generative models have risen re-
cently, Text-to-Video models have been actively studied. Ex-
isting Text-to-Video models have limitations in that it is dif-
ficult to generate complex movements such as human mo-
tions. Then often generate unintended human motions and
the scale of the subject. In order to improve the quality of
videos that include human motion, we propose a two-stage
framework. In the first stage, Text-driven Human Motion
Generation network generates 3D human motion from in-
put text prompt. In the second stage, 3D human motion se-
quence is projected to a 2D skeleton format. In the third
stage, and then Skeleton-Guided Text-to-Video Generation
module generates a video in which the motion of subject is
well represented. In addition, we can manipulate the cam-
era view point and angle to generate a video we want, since
the human motion generated in the first stage is 3D, not, 2D.
We demonstrated the proposed framework outperforms the
existing Text-to-Video models in quantitative and qualitative
manners. To the best of our knowledge, the our framework
is the first methods using Text-driven Human Motion Gener-
ation networks to improve video with human motions. Our
codes are available in https://anonymous. 4open.
science/r/HMTV-26BB.

1. Introduction

Nowadays, Text-to-Image model (T2I) that generates
images using given text prompt is being actively studied. In
particular, models such as Stable Diffusion [1] and DALL-
E2 [2] are attracting more attention for their outstanding
performance. Along with the growth of T2I, Text-to-Video
model (T2V), which generates the corresponding video
with given text prompt is also developed.

Seminal research on T2V has gained momentum with
the advent of models such as Dreamix [3], VDM [4], Im-
agenVideo [5], and Make-A-Video [0] based on the diffu-
sion models have achieved outstanding results in T2I. How-
ever, they are not without problems. First, it’s very awkward

when they create complex movements like human motions.
To solve this problem, Skeleton-Guided Text-to-Video Gen-
eration [7, 8] which conditioned on human pose skeleton,
when creating a video enables pose control of the subject in
the video. However, it is difficult to use for various appli-
cations because not only text prompt information but also
the human pose is required. Second, even with the given
human pose, undesired results are generated. For example,
with certain human pose condition the generated outputs
have limited viewing direction such as only the back side
of a person. Since the model does not know which direction
they are looking at, it is trivial to get these results. If we use
models that do not use a skeleton as a guidance, the scale of
a generated human is an issue: too big or too small subject
is generated.

On the other hand, as various generation models have
been actively studied recently, Human Motion Generation
is also attracting a lot of attention. The early methods of
Human Motion Generation use human motion prediction
[9—11] that predict the next actions based on previous ac-
tions and generating in-between motion [12, 13]. Recently,
Text-driven Human Motion Generation, which generates
3D human motion sequences from text prompts, has been
studied, opening the possibility of countless expansion of
Human Motion Generation. For example, MDM [14], Mo-
tionDiffuse [15] and T2M-GPT [16] are one of those. In
particular, T2M-GPT [16] which is recently released, is ex-
pected to be highly applicable as it can generate complex
movements with long sentences.

In this paper, we propose a new video generation al-
gorithm that naturally generates human movements by
combining Text-driven Human Motion Generation and
Skeleton-Guided Text-to-Video Generation. In particular, it
creates high-quality human motions that guide video gen-
eration through Text-driven Human Motion Generation for
input text prompts. Next, it projects the generated 3D hu-
man motion sequence to a 2D skeleton format. At this time,
when an additional camera prompt is given, move it to a
specific camera position using a pre-defined camera extrin-
sic parameter. Lastly, the first input text prompt with a hu-
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Figure 1. This figure shows the difference of output video between with using pose guidance and without using it to T2V network. Text
prompts are applied to both. Network without pose guidance show problems with size of human and has inconsistency between consecutive

frames, but using pose guidance these inconsistencies do not happen.

man motion sequence projected in 2d are used to generate
videos where a person’s movements are naturally created
with using text prompt only.

The most noteworthy point to focus on is that we not only
improve the generation quality of videos containing ‘human
motion’, but also control the viewing angle and the move-
ment of the camera. In addition, the generated SMPL [17]
meshes can be converted to skeletons in the form of Open-
Pose [18] or MSCOCO [19] so that it can be applied to var-
ious Skeleton-Guided Text-to-Video Generation. As far as
we know, our framework is the first one which can con-
trol the camera composition and the scale of the subject as
desired. Moreover, techniques used in actual film shooting
such as Tilt up&down, zoom in&out, and dolly in&out can
be applied to video generation, and the possibility of being
used in various applications such as the contents industry is
unlimited.

It is also meaningful that our model is highly likely to be
used as a framework connecting Text-driven Human Mo-
tion Generation and Text-to-Video. Seminal research has
be conducted in the two fields we have employed, which
are currently experiencing a surge of active study and hold
unlimited potential for development. With better models in
each fields and with combinations of them within our frame-
work the better Text-to-Video model we can have. In this
perspective, our proposed framework has great potential for
development.

In summary, our contributions are:

e We propose a framework that combines the Text-
driven Human Motion Generation module and the
Skeleton-Guided Text-to-Video Generation module to
generate videos that express complex human behavior
well with only text prompt.

* Our framework has advantages of being able to con-
trol camera angles and locations and switch to various
skeleton formats (MSCOCO [19], OpenPose [18]) be-
cause it extracts human poses in 3D rather than 2D.

e Our methods outperform previous Text-to-Video
methods not only in quantitative metrics but also in
qualitative results. Moreover actual film shooting tech-
niques can be applied so that it is highly scalable in
various applications.

2. Related Work
2.1. Text-driven Video Generation

Text-driven video generation is a task that combines nat-
ural language processing and computer vision to generate
a video from a given prompt. Compared to T2I field, T2V
field is still one of the difficult tasks due to the lack of text-
video paired datasets and the complexity of modeling high-
dimensional video data.

In early studies, the mainstream methods predicts next
frame from the initial frame. [20], [21]. After that, Genera-
tive Adversarial Networks (GAN) [22]-based models were
appeared which can generate unconditional videos without
using the first frame or with only classes given as condition.
DIGAN [23] proposed a model of implicit neural represen-
tations (INRs) by integrating temporal dynamics for video
generation. Using DIGAN, it is possible to generate long
videos. However, GAN-based models can have difficulties
modeling large datasets. Since then, as language models and
transformers have developed, video generation from text
prompt has become possible. GODIVA [24] extended the
Vector Quantized-Variational AutoEncoder (VQ-VAE) [25]
to T2V generation by mapping text tokens to video tokens
and generated more realistic scenes. NUWA [26] presents
an auto-regressive framework that can be used for both T21I
and T2V tasks, and is an extension of GODIVA [24]. Dif-
fusion [27] is a technique that adds noise to the input im-
age and then removes the noise in several steps to pro-
duce a realistic image. Video Diffusion Models (VDM) [4]
uses a space-time decomposition U-Net [28] to directly per-
form the diffusion process at the pixel. Make-A-Video [6]

WACV
#919

162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215



WACV
#919

216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
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

WACYV 2024 Submission #919. | Algorithms Track.

uses T2I to learn the relationship between text and video,
and learns motions with unsupervised learning on unlabeled
video data. Unlike the above motion which generate video
directly, our method conditionally generates video using
text-driven human motion.

2.2. Text-driven Human Motion Generation

Recently, various methods such as VAE (Variational Au-
toEncoder) [29], GAN [22], Diffusion [27] have been stud-
ied for human motion generation. First of all, GAN [22]
aims to learn a distribution similar to the dataset through
competition between generator and discriminator. Harvey
et al. [30] attempted to solve the problem generating blurry
motion. They constructed two discriminator networks for
short-term and long-term critics.

Furthermore, models based on VAE [29] are also often
used in human motion generation. Yan et al. [31] and Ali-
akbarianet al. [32] generate human motion by predicting
the next human motion given a human motion sequence.
These two methods use VAE [29], which encodes a pair of
current and future sequences and then reconstructs the fu-
ture sequence. ACTOR [33] proposed a transformer-based
VAE. They proposed human motion generation in a non-
autoregressive way in an action class. TEMOS [34] is an
extended model of ACTOR [33], which brings an additional
text encoder and generates various motion sequences. T2M-
GPT maps motion to discrete values with VQ-VAE [25] and
use motion-GPT, a GPT [35] like network [16] to predict the
next discrete values or indices which correspond to motions.
Then decode these indices to the motions that corresponds
to the given text.

Most recently, diffusion based methods, such as Motion
Diffuse [15] and Motion Diffusion Model (MDM) [14],
have been widely studied. Motion Diffuse [15] is the first
model that uses diffusion model [27] for text to motion
generation. MDM [ 14] is diffusion-based generative model
without classifier for the human motion domain. Most re-
cently, diffusion based methods have been widely studied.
Motion Diffusion Model (MDM) [14] is a diffusion-based
generative model without classifier for the human motion
domain.

Among various text-driven human motion generation
models, we tested on T2M-GPT [16] and diffusion-based
MDM [14] in this paper. The outputs of this model are used
as a guidance for T2V model.

3. Proposed Method

In this section, we overview our proposed framework
which is shown in Fig. 2. Our method aims for enhancing
a quality and diversity of generated videos with human mo-
tions inside and consists of three stages. (1) Text-to-Motion
Generation stage which generates motion from given texts.
Various Text-to-Motion Generation models can be applied
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in this stage. (2) 3D to 2D joint projection is the stage
that projects generated 3D human motions to 2D space. In
this stage, we use camera projection module (CPM) which
projects human motion with text driven camera matrix. In
this module, texts which describe the viewing direction can
be given. With given texts, this module controls the output
projection style by adjusting camera angles and distances.
Therefore, we can create diverse scenes with different cam-
era angles and movements. Finally, (3) a Skeleton-Guided
Text-to-Video Generation stage generates video using texts
from the first stage and projected human joints together.
Similar to the first stage, we can use various Text-to-Video
networks in our last stage.

3.1. Text-to-Human Motion Generation

Text-to-Motion Generation stage uses predefined Text-
to-Motion (T2M) network that generates sequential 3D hu-
man motion. Note that a 3D human motion is a sequence
of a set of joints consisting human where joints represent
relative locations to the root position. Formally given in-
put text P, T2M network F'(P; 0) generates sets of vertices
{V3P}E | which form meshes of a human formulated as
below.

F<P§9):{V13D"" 7VI§D ) (1)

where 6 is a model parameter of T2M network and K is the
number of vertices consisting meshes.

In this stage, various kinds of T2M network can be ap-
plied. T2M [36] uses a convolutional motion autoencoder
to get motion snippet code which is latent sequences of mo-
tions. With given texts, they approximates the conditioned
probability distribution with Text2Length Sampling. In mo-
tion generation stage, they generate 3D human motion con-
ditioned on text and sampled motion length. MDM [14] and
MotionDiffuse [15] use a transformer and diffusion based
architectures to generate 3D human motion. We can use
these models in our first stage. Similar to T2M [36], T2M-
GPT [16] model uses VQ-VAE [37] to encode latent se-
quences. Then, it uses the motion-GPT to sequentially gen-
erate indices. In this model, the text-to-motion generation
is formulated as auto-regressive fashion when predicting a
next index. Formally with given ¢ — 1 indices S.; and with
text c, they choose the next index which maximize the prob-
ability p(S;|c, S<;). Therefore, in this stage a pre-trained
motion VQ-VAE is required.

3.2. Camera Projection Module

In this stage, we will introduce the Camera Projection
Module (CPM) shown in the bottom side of Fig. 2. This
module can takes a preset text description of a camera direc-
tion Pcamera S an input and output corresponding projected
2D skeletons. This module consists of three parts. First part
is 3D skeleton regression. This stage takes 3D mesh ver-
tices from text-to motion network and uses joint regressor
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Figure 2. Overall process of our proposed framework. Top: Our framework consists of three stages: (1) Text-to-Motion Generation,
(2) Camera Projection Module, (3) Skeleton Guided Text-to-Video Generation. A text prompt is passed to the Text-to-Human Motion
Generation network to generate 3D mesh vertices of each frames of motion. Then, with camera direction description prompt, Camera
Projection Module (CPM) convert these vertices to the skeletons and project to 2D space corresponding to the camera direction prompt.
The last stage, (3) Skeleton Guided Text-to-Video Generation, we use Text-to-Video network with 2D projected skeletons from CPM and
generates the output video corresponds to input prompt . Bottom: CPM module in detail. CPM takes 3D vertices of mesh and regress
the 3D skeleton with joint regressor. And, decide camera position and direction with given textual description Pcamera about the camera.
Then mapping pre-define parameter between prompt and camera direction and position, CPM project the 2D skeletons with the projection

matrix determined by prompt Pcamera-

from [17] to regress joints from the mesh vertices. We can
formulate this stage as below where V3P € R? denotes the
ith vertex of mesh, J?P € R? denotes the i'" joints re-
gressed from the mesh and J,..4 is the joint regression ma-
trix.

Y @)
Second part is changing of camera position using cam-

era prompt. We can express rotation and translation with a
camera extrinsic matrix using the homogeneous coordinate

denote as below
R3y3 t3x1
. 3
(01><3 lixa )

Note that R3 3 defines the rotation of a camera and ¢35
defines the translation of the camera. With intrinsic matrix
together we can define a projection matrix P,;.,; as below.

fx 0 Cy 0
R3yx3 t3x1
P,oi=10 c 0

prod fy 4 (OIXS Lixa Ax4

0 0 1 0
“4)

We pre-define the textual descriptions and corresponding
directions and CPM uses the lookup table to decide cam-
era position. The final part is 2D projection with decided
camera rotation and translation matrices. With determined
Pproj, we can project 3D skeleton to 2D space using a ho-
mogeneous coordinate system:

X X
I
Y,
YI = Pproj Zw . (5)
w 1“’

The final output of CPM is direction aware 2D projected
skeleton ij . Note that it is not necessary to use Pcamera
to decide camera position. If there is no textual description
on camera position, then identity matrix is used for camera
extrinsic matrix.

3.3. Skeleton-Guided Text-to-Video Generation

Using the output of second stage, we use text-to-video
network which uses 2D skeleton from the CPM as a guid-
ance. Let G be a text-to-video network and + is its parame-
ter. With given 2D skeleton from the CPM J2P, we get the
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videos consists of m frames {f1,--- , fm}

This stage is formulated as below where is a se-
quence of 2D projected motions represented as concate-
nated form. The formal definition of J22 and output of G
are formulated as below.

jQD

~ 2D ~ 2D

J2p =concat(J; , - ,Jm ), (6)

{fi.- fm} = GI*P,P;y). (7)

4. Experiments

In this section, we conducted three main experiments and
analyzed the results. First, compared Text-to-Video Gen-
eration results between with and without pose guidance
from the first stage from our framework. Here, we exploited
Modelscope [38], Text2Video-Zero (T2V-Zero) [39], Fol-
low Your Pose (FYP) [7] as Text-to-Video networks. Sec-
ond, we compared the generated videos using two different
Text-to-Motion networks: T2M-GPT [16] and MDM [14].
Third, we experiment our framework using camera prompt.
We used static shot (default), top view, lateral view, zoom
in/out for camera position description prompts.

4.1. Prompt Set

Our framework needs text description P to generate
video. Complex and diverse motion descriptions are re-
quired. Therefore, we took a test prompt set of Hu-
manML3D [36] and randomly added location at the end of
the prompts. Locations are randomly selected from these
category: sea, forest, moon, beach, desert, and auditorium.
We used these location specified prompts to Follow Your
Pose [7] and in experiment with T2V-Zero [39], we simply
modified the prompt into {person} — {verb} — {location}
from the prompt that we use in FYP [7]. This is because if a
complex prompt pass through T2V-Zero [39] then it outputs
unrecognizable videos.

4.2. Evaluation Metrics

Action Classification (AC) accuracy The ratio of well
classified video to whole generated video. It measures how
well generated videos are matching with action in prompts.
To evaluate how text prompts P are well aligned with video
output, we use action classification model Text4Vis [40] to
evaluate action classification accuracy on the classes (jump,
run, climb, kick, punch, clap, golf, sit).

CLIPscore (CS) [41] This measures how well the gener-
ated videos are well aligned with text prompts.

Frame Consistency (FC) [42] This is an average of cosine
similarity between all consecutive pairs of CLIP image em-
beddings on all frames. This measures how naturally gener-
ated frames change.

Table 1. Quantitative comparison between two different Text-to-
Motion networks on action classification (AC) accuracy, frame
consistency (FC) [42], CLIPscore (CS) [41].

Without Pose Guidance
AC FC CS
ModelScope [38] 32.5% 889% 30.1
Text2Video-Zero [39] 44.1% 81.7% 28.4
With Pose Guidance
Follow Your Pose [7] 489% 87.5% 30.4
Text2Video-Zero [39] 47.8% 922% 29.9

4.3. Experimental Results

Quantitative Results Table | shows the quantitative re-
sults on AC, FC [42] and CS [41] with and without pose
guidance of text-to-motion network. AC has improved us-
ing pose guidance than without using it in both text-to-
motion networks. This shows that with pose guidance, the
ambiguity of generated motions is reduced. Moreover in-
creased FC [42] shows that using our frameworks, similar-
ity of consecutive frames which means a sudden change on
movements between frames decreases making more natural
movements. Using FYP [7] as a Text-to-Video network has
the best AC among three Text-to-Video networks. Moreover
in FC [42] and CS [41], T2V-Zero [39] has the best scores
among others. This is because the background changes with
pose changes in FYP [7], but not in T2V-Zero [39] where
background images are fixed. We also compared the evalu-
ation metrics using two different Text-to-Motion networks
with using pose guidance which is shown in Table 3. Then,
we compared our results using CPM. We give camera ro-
tation and translation with two prompts each as shown in
Table 2. This is the average results of every pre-defined
classes. Even rotating and translating camera, the results
outperform the results of not using a pose guidance. This
implies modifying camera matrix with CPM dose not com-
pensate the output video quality.

Qualitative Results As we mentioned before, the qualita-
tive results shown in Fig. 3 implies that using pose guid-
ance solves two problems: Undesirable scale problem and
inconsistency problem between consecutive frames. Both
FYP [7] and T2V-Zero [39] have undesirable scale problem
which does not represent the whole body of human. More-
over, without using pose guidance in T2V-Zero [39] gen-
erated human disappear for some frames making the video
inconsistent in time domain. However with using pose guid-
ance consecutive frames are consistent relative to without
using pose guidance. The image sequence on the top of Fig.
3 is the results from T2V-Zero [39] with using only text
prompts. The sequence below is the results from the same
network using pose guidance with text prompt. This means
that with pose guidance, we can avoid undesirable scale in
generated video. Moreover generated videos only guided
with text prompts have a inconsistency problems. However
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Table 2. Quantitative results applying camera rotation and skeleton
scaling on CPM with pose guidance.

Camera Rotation
AC FC CS

Default 519% 92.8% 30.3
Top view 577% 92.8% 30.5
Lateral view 51.0% 92.7% 30.7

Skeleton Scale

Default 51.9% 92.8% 30.3
Zoom in 48.0% 92.7% 29.6
Zoom out 452% 92.7% 29.3

Table 3. Quantitative results comparison between two different
Text-to-Motion networks using pose guidance.

Text-To-Motion Model
AC FC CS
T2M-GPT [16] 47.8% 922% 29.9
MDM [14] 46.0% 92.1% 30.2

using our method generated human does not disappear be-
tween consecutive frames which shows the consistent video
on human motion.

User Study We applied our network to show evaluators
the results of our main experiment, with and without pose
guidance of Text-to-Motion network. They were presented
with a total of three criteria for qualitative evaluation of
video performance containing human behavior: semantic
relevance of prompt and video, realism of human motion,
overall quality and the results are as follows. 73% of the
evaluators judged that the video applied to our network was
better in terms of semantic relevance of prompt and video,
68% of the evaluators preferred our results in terms of re-
alism of human motion, And 89% of respondents said that
in terms of overall quality, the video that went through our
network was better overall. Considering that the importance
of all three criteria for evaluating videos is the same, 77% of
all evaluators rated videos that passed through our network
better.

4.4. Ablation Studies

In this section, we will show how a camera description
prompt Pcamera affects the output video in quantitative and
qualitative manners.

Variant T2M Model We choose state of the arts models
T2M-GPT [16] and MDM [14] the quantitative results of
T2M-GPT [16] are better than MDM [ 14] as in Table 3.

Viewing Direction The AC for the class jump with us-
ing Pcamera to “bird’s eye view” improved from 33.8% to
86.7%. Moreover, the class kick with using viewing direc-
tion prompt “side view” improved from 53.8% to 86.7%
These implies certain viewing directions are more adequate
to describe motions. Therefore, the control of viewing di-
rection is important. This is why our proposed framework is
meaningful. As shown in Fig. 5, we can scale the size of the
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human. The problem is that the generated background does
not change. Note that this is the problem of Text-to-Video
network. With better network this would not be a problem.

4.5. Application

As shown in Table 1 and Table 2, even adjusting camera
matrix with CPM, the quantitative results tells the quality of
output video still outperform ones without a pose guidance.
In qualitative manner shown in Fig. 4 steering the direc-
tion of generated human These are important issues, since
prompt aligned output and elaborate control are prerequi-
sites for user level applications. In this sense, our research
has provided one of the directions for future studies.

4.6. Limitations

Although our methods enhance the quality of output
video with human motions, there are limitations of our
method. First, our method cannot automatically regress ade-
quate camera pose for viewing direction. We experiment an
interpolation of camera matrix based on similarity of word
embeddings in naive way. We left this for future works.
We look forward the integration with advanced natural lan-
guage processing fields. Second, as we mentioned the back-
ground does not change in the case of T2V-Zero [39] net-
work. Even with an adjustment of camera position and di-
rection, the size of the human change but not the back-
ground so that the output videos look like a human shrink-
ing. Third, the output quality of our method depends on the
performance of both Text-to-Motion and Text-to-Video net-
works. Shown in Fig. 6: Top, the generated motions from
Text-to-Motion network does not align to the prompt re-
sulting mis-aligned output video. Moreover, in Fig. 6: Bot-
tom, even though Text-to-Motion network work well, the
output video may be mis-aligned because of Text-to-Video
network.

5. Conclusion

In this work, we addressed the problems on Text-to-
Video. First, Text-to-Video models have weaknesses in gen-
erating text aligned output including human motions. Sec-
ond, explicit controls of the angle and the view point are
not possible in existing Text-to-Video models. Therefore,
we proposed a method which generate videos guided by
texts and 3D human motion conditioned on the same texts.
Moreover, we show the explicit control of the angle and the
view point of video by texts with CPM. To the best of our
knowledge, we are the first framework which exploits Text-
to-Motion networks to guide Text-to-Video models and ex-
plicit control of camera positions and directions by adjust-
ing camera matrix directly. We hope that our research will
have a positive impact on the subsequent studies and appli-
cations involving Text-to-Video tasks.
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