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Figure 1: Given an abstract and detailed story description that encompasses fundamental storytelling elements, including event

context (

), character intention (red), character relationship (

), and character emotion (blue), our method is capable

of generating the motions of two interacting characters that faithfully tell the story.

Abstract

Text-guided human motion generation has gained significant inter-
est due to its extensive applications in various fields, such as filming,
animation and robotics. In this paper, we are interested in a specific
form of text-to-motion generation, referred to as storytelling dual-
character motion synthesis, which aims to generate the motions of
two characters in an interactive scenario to convey the semantics
of a given story described by a text prompt. The story descriptions
are predominantly composed of abstract, vague concepts, which
distinguishes the storytelling motion synthesis from conventional
text-to-motion generation that largely relies on concrete action
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instructions. To solve this task, we present a diffusion-based model
that is able to comprehend abstract story text and map it to com-
pelling two-character animations aligned with the input stories.
Our model utilizes a novel architectural design that captures intri-
cate interactions between two characters across multiple temporal
scales, enabling the generation of highly expressive, storytelling
character motions. For training our model, we construct a large-
scale two-character motion dataset, consisting of expressive motion
sequences of two interacting characters, alongside story-oriented
textual descriptions that cover the essential factors of storytelling.
Our experiments on the new dataset show that our method can
generate the realistic dual-character motions that faithfully convey
the given textual stories, significantly outperforming alternative
baselines across various metrics. Moreover, we demonstrate the
uniqueness and necessity of our dataset for the area of storytelling
motion generation of multiple characters, as compared to exiting
human motion datasets.
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1 Introduction

In film, the motions of actors, serving as a form of language for
communicating with audiences, are often carefully planned in order
to faithfully convey an intended story. The body poses of the actors
along with their spatial interactions are critical for storytelling, and
variation in these factors can deliver distinct messages to audiences.
Given a scene script with abstract descriptions in terms of past and
future context, characters’ emotional states and intentions, as well
as their relationships, professional human actors can determine
how to perform based on their understanding of the script, past
experience, and even artistic creativity, so that their motions can
accurately and efficiently express the intended meaning of the script.
This motivates us to ask an intriguing yet challenging question:
can computers be equipped with the similar abilities of human
actors to generate storytelling 3D motions of multiple characters
just from a textual story description, with few or no concrete action
instructions?

Generating realistic 3D human motions has been a longstanding
research problem in computer graphics. This field has seen tremen-
dous success with the recent advent of powerful deep generative
models. In particular, there is a recent explosion of works on text-
to-motion generation, which are able to synthesize highly realistic
and diverse human motions from text inputs. While some prior
approaches focus on single-character scenarios [8-10, 12, 15, 24, 26,
27, 39, 43, 44, 49, 51], some methods model more complex scenes
involving two characters [4, 19, 33]. However, all of these methods
rely on relatively short input sentences focusing on specific actions
(such as sit, turn left, run, etc.), which differ significantly from story
descriptions that are often long and complex, covering much richer
concepts.

In this paper, we take a step towards answering the aforemen-
tioned question, by solving a task of storytelling dual-character
motion synthesis: given an input textual story, our aim is to gen-
erate the motions of two interacting characters that are able to
express the story vividly and faithfully. The core challenges of this
task come from several aspects. First, story descriptions (as shown
in Figure 1) usually encompass many abstract concepts such as
characters’ intention relationship, and emotion, and thus the model
needs to have a deep understanding of these high-level concepts
and how to map them into concrete actions. Second, in addition
to the realism of the motions of individual characters, the complex
interactions between two characters are necessitated to be plausi-
ble, which is vital for storytelling. Third, unlike common actions
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(e.g., sit and walk) that are consistent across human instances with
only small variations, storytelling human motions need to be much
more expressive in order to faithfully convey the story. Thus, the
model needs to learn a much more complex distribution of human
motions.

To address these challenges, we propose a novel approach to
story-driven dual-character motion generation. Our approach mod-
els the conditional distribution of two-character motion sequences
given text prompts, by using a novel diffusion model. The unique
part of our model lies in a novel denoising network architecture,
which allows for bidirectional information exchange between two
characters in motion in both local and global timescales, thereby
effectively modeling intricate inter-character relationships across
space and time. This architecture design helps our model generate
diverse, expressive character motions that well conform to rich
semantics in the input stories.

To train our model, we build a large-scale human motion dataset,
coined as StoryDualMotion, which comprises more than 20k story-
motion pairs. Each sample pair in our dataset consists of a story
description and a corresponding the motion sequence of two char-
acters in 3D space. Our dataset differs from previous text-to-motion
datasets, such as [19, 45], in two primary aspects. First, a large frac-
tion of the motions in our datasets come from professional actors
who perform to convey given stories, rather normal people who are
instructed to take specific actions. As a result, the motions of our
dataset are more expressive, with more nuanced inter-character
interaction. Second, as opposed to short captions that describe
concrete actions, the textual descriptions of our dataset are more
story-oriented, containing various concepts that are critical for
storytelling. To the best of our knowledge, our dataset is the first
of its kind in the 3D human motion synthesis space.

Through quantitative and qualitative evaluation, we demonstrate
our method is capable of generating compelling motion sequences
that comply with given story descriptions (as shown in Figure 1),
outperforming existing baselines. We envision that our dataset,
together with the proposed method, would lay a foundation for
future research on the generation of multi-character motions for
storytelling. Our code and data are available at: https://github.com/
2022yingjie/actors_stand_by

In this paper, our main contributions are as follows:

e We present the first attempt to tackle the problem of sto-
rytelling dual-character motion synthesis, which aims to
generate the motions of two interacting characters condi-
tioned on input story-oriented text descriptions, paving the
way towards the goal of generating animations of multi-
ple characters from only story-like, abstract text prompts,
without concrete action instructions.

e We contribute a new two-character motion dataset, which
consists of high-quality paired data in the form of stories
and their corresponding human motions. The dataset can
be used to train and test models for text-guided storytelling
human motion synthesis.

e We present a diffusion-based model for synthesizing story-
telling dual-character motions from text, with a novel ar-
chitecture to learn complex inter-character interactions for
effective storytelling.
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2 Related Work

2.1 Text-based Single-Character Motion
Generation

Text-to-motion aims to generate single-character motions from nat-
ural language descriptions[8-10, 15, 26]. Over the past few years,
several innovative approaches have been introduced for generat-
ing single-character motion, showing promising text alignment
capabilities. For instance, JL2P [2] introduces an autoencoder with
curriculum learning to jointly embed text and pose. AvatarCLIP
[11] utilizes a pre-trained VPoser model to generate initial poses,
which are then refined through a motion VAE[16]. Text2Action [1]
and Language2Pose [2] leverage an encoder-decoder RNN and a
shared embedding space, respectively, to correlate language with
motion. The works like text2motion [8], TEACH [3], and TEMOS
[27], map text to a Gaussian distribution in the latent space. This
approach allows for the generation of varied motion outputs by
sampling different latent vectors. MotionCLIP [36] trains an autoen-
coder to align motion with the latent space of CLIP [30], enhancing
the fidelity and variety of generated motions. There is a work on
addressing the task of story-to-motion [29]. It synthesizes a single-
character animation given a story by generating a motion schedule
with a large language model, using it to perform motion retrieval
and blending the retrieved motion clips.

Recent advancements in diffusion models[34] have led to their
widespread adoption for human motion generation. The motion
diffusion model (MDM) [37] is trained on a motion space, while
MLD [5] employs a latent diffusion model [31] to generate motions
based on diverse conditional inputs. T2M-GPT [49] explores a gen-
erative framework that combines VQ-VAE[38] with a Generative
Pre-trained Transformer (GPT) for motion generation. MotionDif-
fuse [51] employs a diffusion process combined with a transformer
to enhance the diversity of motion samples. Recently, many works
have further improved the quality and controllability of text-to-
motion diffusion models [7, 13, 14, 18, 20-22, 32, 40, 41, 43, 53, 54].

Unlike all of the aforementioned methods that focus on gen-
erating single-character motions, our method aims to generate
the animations where two characters are interacting, which ne-
cessitates the motions of each character to be realistic and their
interactions to be plausible.

2.2 Text-based Two-Character Motion
Generation

Compared to single-character motion generation, multi-character
motion generation is more challenging, since it not only takes into
account each character’s motion but also the coordination and
interaction between the characters. Xu et al. [47] propose a joint-
relation transformer that predicts the future motions of multiple
characters in a scene from their historical movement trajectories.
MultiAct [17] and ActFormer [46] take semantic motion tags as
one of the inputs to guide the model to generate the motion se-
quences. However, short semantic tags may restrict the generated
motions, leading to a lack of variety and creativity in the generated
sequences. ComMDM][33] is the first to use textual descriptions
for two-character motion generation. InterGen[19] later extends
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ComMDM with collaborative denoisers to generate more stable text-
guided motions. Shan et al.[28] address open-domain multi-task mo-
tion generation with a diffusion-based two-stage framework, while
FreeMotion[52] adopts a recursive approach with decoupled diffu-
sion modules, enabling control over motions of up to 6 characters.
Besides, TIMotion[42] explored the effects of different architectures
on two-person motion generation tasks. All of these methods are
assumed to process relatively short text inputs that describe what
specific actions characters are performing. In contrast, the input
story descriptions to our model are much more complex, which
are significantly longer and contain numerous storytelling-related
abstract concepts. This renders storytelling motion synthesis more
difficult than traditional text-to-motion generation.

3 Dataset

We construct a two-character motion dataset, StoryDualMotion, tai-
lored for the storytelling dual-character motion synthesis task. Our
dataset comprises over 20k two-character motion sequences, each
spanning 6 seconds (120 frames); each sequence is accompanied
by a textual description. As compared to existing human motion
datasets (e.g., [8, 9, 19, 23, 45]), our dataset exhibits two unique
features: 1) expressive motions: a majority of the motions in our
dataset are captured from professional actors (in movies, TV se-
ries, stage plays), whose motions have been planned to convey the
corresponding stories, and thus are richer and more complex than
those obtained from casual videos or captured under controlled
settings; 2) story-oriented text descriptions: the text descriptions
in our dataset cover essential narrative elements, including event
context, character intention, character relationship, and character
emotion, instead of just specific actions. Figure 2 shows some story-
motion pairs from our dataset. See the detailed dataset construction
pipeline and a detailed comparison between our dataset and other
existing relevant datasets in the supplementary material.

Figure 3 (left) visualizes the distributions of motion sequences of
different datasets, including InterHuman, Inter-X and our dataset,
in a motion embedding space (obtained by the motion encoder of
the MotionBERT [55]). Our dataset has a wider distribution than
the other datasets, suggesting its greater motion diversity. Figure
3 (middle) shows the motion sequence distributions of the three
datasets in an interaction embedding space (will be introduced in
Section 5.1). The distribution of our dataset spans a wider region on
this space than those of the other datasets, indicating our dataset
encompasses richer interactions between two characters compared
to InterHuman and Inter-X. Figure 3 (right) shows the distribu-
tions of text descriptions for InterHuman [19], Inter-X [45] and
our dataset in a text embedding space (obtained by LongCLIP[48]).
There exists little overlap between our dataset’s distribution and
those of the other datasets. This highlights the distinction between
story-oriented descriptions and traditional motion captions.

4 Methodology

Our goal is to learn a generative model of two-character motion
sequences conditioned on text conditioning information. Modeling
two-character motion is inherently more challenging than single-
character motion generation because it needs to account for not
only the plausibility of individual character’s motions but also
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Figure 3: Comparison of our StoryDuaMotion dataset with existing datasets including InterHuman and InterX, in terms of
motion distribution (left), inter-character interaction distribution (middle) and text distribution (right).

complex interactions between two characters across spatial and
temporal dimensions. Inspired by the recent success of diffusion
models in human motion generation [6, 7, 19, 33, 50], we opt to
approach our learning problem using a text-conditional diffusion
model with a novel network architecture. In the remainder of this
section, we first introduce our character motion representation,
followed by describing our diffusion model operating in the motion
representation space. Then, we elaborate on the architectural design
of the denoising network.

4.1 Motion Representation

We represent the motion sequence of N frames for a single character
cas X¢ = {x¢ fi ,» Where x“' represents the pose representation of
frame i. x> comprises the rotations of 22 out of 24 joints in SMPL
(with two hand joints excluded) plus the 3D global translation of the
root, which can be used to drive a rigged and skinned 3D character
(i.e., the SMPL model). The rotation of each joint is encoded as a 3x3
rotation matrix. In our implementation, we only use the first two

orthogonal vectors of the rotation matrix, resulting in a 6-D rotation

vector. The joint rotations are obtained from our estimated 3D joint
positions through inverse kinematics. We further convert the 3D
root translation into a 6-D vector with three padding zeros and
concatenating it with the rotation vectors. This results in x%! being
a data matrix of size 23 X 6, which is further flattened into a 138-D
vector. Thus, X¢ can be represented as a tensor of shape N x 138.
We assume that our motion representation for a single character is
defined in its local frame, with the root being placed at the origin
at the first frame. To put two characters into the same 3D scene, we
introduce a vector D € R!? to represent the orientation and position
of each character in the global coordinate system at the first frame.
D is composed of a 6-D rotation vector (denoting the character’s
orientation), a 3-D root position and a 3-D vector of padding zeros.
We assume the 3D line connecting the two shoulder points of a
character is parallel to the xz-plane and use the angle between the
3D line and the x-axis as the character’s orientation. Note that D is
computed from the first frame of a two-character motion sequence,
but is applied to the remaining frames. We finally extend X, into
shape N X 150 by appending D to the pose representation of each
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Figure 4: Architecture of the denoising network in our model.

frame. The two-character motion representation X for characters a
and b can then be obtained by combining their individual motion
representations X, Xbas X = (X4, Xb).

4.2 Our Diffusion Model

Our diffusion model learns a condition distribution pg(X|s) of two-
character motions X given textual stories s, by learning the reverse
of a forward diffusion process that gradually corrupts a motion
sample X into a pure noise Xr ~ N(0,I) along a fixed T-step
Markov chain defined by q(X;|X;-1). The reverse process starts
with a random noise and iteratively refines it to recover the original
motion sample conditioned on the corresponding story s, based
on a learned conditional distribution pg(X;-1|Xs, s). To learn the
model, a neural denoising network €(X;, t,s) is trained, which
estimates the noiseless sample X from a noisy sample X;, the text
condition ¢ and the diffusion timestep ¢. X; is obtained by diffusing
Xp to timestep ¢ along the forward process: X; = (X, t,€;), € ~
N(0,I). @ is a sampling operation defined by the forward process
marginal distribution q(X;|Xy). The denoising model is optimized
by minimizing a simplified objective:

Ldenoise = EX(),S,t~[1,T],Et [HXO — €p (Xta t, S) | |%] . (1)

Note that, following prior work [37], our model predicts X instead
of the noise added to Xj.

4.3 Denoising Network Design

The architecture of our denoising network is illustrated in Figure 4.
Specifically, the input story is projected into a text embedding using
the LongCLIP text encoder [48] followed by a linear layer. The text
embedding is added with the timestep embedding to produce a con-
ditional embedding econg that is then injected into the branches of
the two characters. The input representations of the two characters
are first processed separately by an initial representation projection
(IniRP). The resulting representations are then passed through a
sequence of interleaved sequence interaction (SeqIR) blocks and
patch interaction (PatIR) blocks, which progressively update the
representation of each character and model their interaction. We
now describe the key components in the network.

4.3.1 Initial Representation Projection. The input to the initial rep-
resentation projection module is the noisy motion representation
of a character (X# € RN*P or X? € RN*P), where N is the number
of frames in a motion sequence). This module is composed of a
linear layer, followed by a cross-attention layer that attends to the
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conditional embedding econq to integrate the conditioning infor-
mation. Applying two separate initial representation projection
modules to X/ and X[” , respectively, produces two sequences of
embeddings, H*® € RNxd pb0 ¢ RNXd where d is the internal
embedding dimensionality. These embedding sequences are subse-
quently processed by a series of interleaved sequence interaction
blocks and patch interaction blocks.

4.3.2  Sequence Interaction Block. The sequence interaction (SeqIR)
block consists of two independent, Transformer-based processing
paths, one for each character. Each path comprises an adaptive layer
norm (AdaLN) layer (for injecting the conditional embedding econd),
a self-attention layer, a cross-attention layer and a feedforward
network (FFN). All the layers except for the AdaLN have a skip
connection. For a character, the self-attention captures temporal
dependencies between different timesteps within the embedding
sequence of the character, while the cross-attention attends to the
full embedding sequence of the other character, thereby modeling
inter-character inte raction at a global temporal scale. This design
allows the two paths to independently process the input embed-
ding sequences of the two characters: H? and H?, while enabling
bidirectional information propagation between them. The output
of this block is the self-updated and interaction-refined embedding
sequences for the two characters: H* and H?.

4.3.3  Patch Interaction Block. While the SeqIR block is capable
of capturing long-range temporal dependencies between the two
characters (through the cross-attention)—how the current pose
of one character is impacted by the full sequence of poses of the
other character, we argue that modeling their interaction over a
small timescale is also crucial for generating detailed, complex and
story-aligned character motions. In real-world interactive scenes,
a person’s pose at the current moment is much more strongly in-
fluenced by the poses of another person within a small temporal
neighborhood than the poses at relatively distant moments. To
account for this intuition, the path interaction (PatIR) block is in-
troduced to better capture inter-character interaction at a local
temporal scale. The PartIR block, in combination with the SeqIR
block, allows our model to capture rich and complex interactions
between two characters at multiple temporal scales.

The PatIR block receives as input the output embedding se-
quences from the SeqIR block, i.e., H%, H”. Each embedding se-
quence is first split along the sequence axis into a list of R non-
overlapping patches of embeddings: H® = [Pf, P, ..., Pgl, A =
[Plb s sz e, PZ], where the patch size is 20. Then, for each path, we
extend it bidirectionally to include extra small past and future con-
texts of size 5, giving rise to two lists of context-enhanced patches:
[Pf Pg el PI‘;] [Pf’ Pé’ el PE]. Finally, for each pair of patches
(P,‘.‘ P,b ), r € 1,...,R, we model patch-level interactions with cross-
attention, updating them to E? and E?, respectively:

E® = CrossAttn(P?, P?),

o @

EY = CrossAttn(P?, P9),
where CrossAttn(-, -) denotes a cross-attention function, where the
query are derived from the first argument, and the key and value
are derived from the second argument.
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For each updated embedding patch, the extra added contexts
are finally removed, and the resulting patches of each character
are re-combined along the sequence axis according to their origi-
nal positions, resulting in an output embedding sequence for the
character.

4.3.4 Loss Function. To train our mode, besides the denoising loss
Ldenoise (Equation 1), we additionally adopt two auxiliary losses,
including a global position loss Lp,s and a global orientation loss
Lorien, which we empirically found beneficial to the model perfor-
mance. By explicitly supervising the global positions and orienta-
tions of both characters, the model is encouraged to more accurately
predict their spatial configurations, which can benefit the gener-
ation of compelling interaction between them. The final loss is
written as:

Linal = 41 Ldenoise + /12-£pos + A3 Lotiens (3)

where A; are weights for balancing different terms. In our imple-
mentation, we use A; = 1.0, 1, = 0.5, 43 = 0.5.

5 Experiments

Our model uses 1000 diffusion steps, and is trained for 100K iter-
ations with a batch size of 32, and a learning rate of 1e-4. We use
80% of samples in our dataset for training and the rest for testing.
Since each sample of our dataset consists of a motion sequence and
its corresponding 8 text descriptions. For each motion sequence in
the training set, we randomly sample 4 out of 8 text prompts for
training and use the remaining ones for evaluation. That is, our
testing prompt set is a union of: 1) all the text descriptions of motion
sequences in the test set, and 2) the remaining text descriptions of
motion sequences that the model has not seen during training.

5.1 Evaluation Metrics

We adopt common evaluation metrics that are used in recent text-
to-motion generation works [8], [50], [37], [15]:

o Fréchet Inception Distance (FID) quantifies the discrepancy
between the distributions of generated and real motions,
with a lower value indicating better generation quality.

e R-Precision and Multimodal Distance (MM-Dist) are metrics
for assessing the relevance of generated motions to the input
text.

o Multimodality (MModality) evaluates the variability in sam-
ples resulting from the same text input. Diversity measures
dissimilarity among generated samples.

o Density and Coverage have been widely used in recent litera-
ture to evaluate the performance of image generation models
[25]. We apply them to measure the fidelity and diversity of
generated motions.

To calculate these metrics, we follow MotionCLIP [36] to jointly
retrain a motion encoder and a text encoder that map two-character
motions and text into the same embedding space using the Long-
CLIP loss that encourages matched motion and text to lie close and
unmatched ones to fall apart.

We additionally propose a novel evaluation metric, InterFID, to
measure the inter-character interaction aspect of generated motions.
To compute InterFID, we learn an interaction embedding space and
use its embeddings to compute FID between generated and real
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Table 1: Quantitative comparison of our model against other methods. All the models are trained on the training split of our
StoryDualMotion and evaluated on our test set. For each model, we report the 95% confidence intervals for different metrics by

running the model inference 20 times. The best results are in bold.

Method FID | R-Precision T MM-Dist | MModality T Diversity —»  InterFID |
Top 1 Top 2 Top 3

MDM 16.491 +745  0.145 +.006 0.258 +.005 0.359 +.006 5.839 +.008 3.227 +.004 12.165+.053 12.096 +.094

PriorMDM  15.345 084  0.151 +.006 0.263 007  0.371 =.007 5.795 +.008 3.539 +.004 12.863 +.064 11.539 +.068

InterGen 15.049 +.092  0.154 +.005 0.268 +.008 0.378 +.008 5.737 +.009 3.676 +.006 13.150 +.047 10.508 +.118

RIG 16.676 +.073  0.146 +.005 0.260 =.008 0.364 +.007 5.977 +.006 3.347 +.008 12.016 +.058 11.715 +.079

Ours 14.977 124  0.157 +005 0.271=:006 0.383 t006 5.715 011  3.909 +.007 13.292 +064 10.358 +.167

Table 2: Quantitative comparison of our model against other
methods in Density and Coverage. All the models are trained
on the training split of our StoryDualMotion and evaluated
on our test set. For each model, we report the 95% confidence
intervals for different metrics by running the model infer-
ence 20 times. The best results are in bold.

Method Density T  Coverage T
MDM 0.077 +.002 0.759 +.030
PriorMDM  0.083 +.005 0.893 +.004
InterGen 0.091 0918  0.906 +.004
RIG 0.076 +.003 0.867 +.029
Ours 0.096 +.004 0.913 +.016

motions. To quantitatively represent the spatiotemporal interaction
between characters a and b in a motion sequence, we define an
interaction vector V = (RJ, RZ, R/, R;’, P, P;, P(],,_Pl],), Where R} and
er; denote their root rotation angles over time, R} and Ri denote the
rotation angles of their other joints over time, P; and P; denote their

root positions over time, and Pl and P}'j denote the positions of their
other joints over time. Then, we train a Transformer-based autoen-
coder on the interaction vectors of our dataset and the InterHuman
dataset, to learn the interaction embedding space.

5.2 Comparison to Baselines

We compare our model with four prior text-conditioned two-character
motion generation methods: MDM [37], PriorMDM [33], InterGen
[19] and RIG [35]. All the models are trained on the training split of
our StoryDualMotion dataset and then are tested on the constructed
test set as introduced in Section 5.

52.1
parison of different methods. Our method outperforms the baselines
across all the metrics. These results suggest that, compared with the
other methods, our method can generate more realistic and diverse
motions, while exhibiting stronger storytelling capabilities—better
story adherence. Notably, our method achieves the best InterFID
among all the methods, highlighting its superior abilities to repli-
cate complex and rich interactions between characters, which is
imperative for faithfully conveying input stories. We additionally
report the density and coverage scores of different methods in Table
2, which confirms the improved sample fidelity and diversity of our
model compared to the baselines.

Quantitative Results. Table 1 presents the quantitative com-

Table 3: User preference results for different methods in
terms of motion realism and story alignment. Each number
represents that fraction of time one method is selected as the
best among all the methods in terms of one aspect.

Method Motion Realism Story Alignment
MDM 4.50 % 4.50%
PriorMDM 13.60 % 9.10 %
InterGen 36.40 % 31.80%
RIG 4.50 % 4.50 %
Ours 40.90 % 50.00%

5.2.2  Qualitative Results. Figure 5 show a visual comparison of
different methods. MDM and RIG struggles with understanding
the complex semantics in the input stories, producing the motion
sequences that are less relevant to the input text. Furthermore, their
results often lack varied character motions and meaningful interac-
tion between two characters. PriorMDM and InterGen are capable
of synthesizing richer motions and inter-character interactions, but
fall short of accurately conveying the key information in the input
text. In contrast, our model shows noticeably improved generation
quality compared to the previous methods, generating complex
and diverse motions that well align with the input stories while
encompassing a variety of semantically meaningful inter-character
interactions. In particular, the input text depicts a “comba” between
two “opponent” with a “tense” atmosphere. The results of all the
existing methods suffer from significant misalignment with the
textual input. MDM generates few motions for the two characters,
which does not properly express the “tension” of the scene. The
outputs of PriorMDM, InterGen and RIG all have two major issues:
first, the two character do not face each other; second, only one
character is performing some actions, with the other one almost
standing still. These issues render their generated inter-character
interactions irrelevant to the depicted “confrontation” scenario. In
contrast, our method exhibits considerably better text alignment,
creating a motion sequence that show the adversarial process of
the two characters.

5.3 User Study

To more comprehensively gauge the generation capability of our
model, we run a user study comparing our model with the four
baselines in terms of motion realism and story alignment. Our study
involves 22 subjects recruited from a university. We randomly select
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In a tense duel set within the one
person narrows their eyes and braces as the opponent lunges forward with a swift,
aggressive strike: With precise timing and a controlled breath, they raise their
blade just in time to deflect the blow, steel clashing with a sharp clang: The force
sends a jolt through their arm, but without hesitation, they pivot and
counterattack—a decisive riposte aimed directly at their oppon s exposed flank:
Their eyes lock for a split second, tension and respect evident in the silent
exchange, as the rhythm of combat continues in this high-stakes confrontation
between two skilled adversaries:
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Figure 5: Visual comparison of different methods. The input story description includes event context (
), and character emotion (blue).

(red), character relationship (

Yingjie Xi et al.

Ours
] ] 9 » #
R A ¥ N -, U . . N %
N} N A N A& N A A A
L1 L 1 [ ] SN [ 1 N [ | N
PriorMPM
L A i 'Y A
BB 'y B N D £
XY Ay Ny N
RIG
& 1 p A y & a3 h A
) y | ¥ 4 ¥ 4
Afv' { 5 N y ! ) “

), character intention

Table 4: Ablation study results. All the models are trained on our StoryDualMotion. For the ablation experiments, we report the
95% confidence intervals for different metrics by running the model inference 20 times.

Method FID | R-Precision 7 MM-Dist | MModality T Diversity —»  InterFID |
Top 1 Top 2 Top 3

SeqIR-only 15.552 118 0.152 006  0.265 007  0.374 z008  6.004 009  3.602 +.007 13.108 +.041 11.053 +.129

ParIR-only 15.948 132 0.147 007 0.257 008  0.364 009  5.852 010  3.754 +.008 13.204 +.046 11.452 +141

w/0 Lpos+Lorien 15.457 £133  0.150 x.006  0.262 007 0.375 +004  5.792 +013  3.860 +.009 13.145 +.047 10.802 +.129

Ours 14.977 124 0.157 £005 0.271:006 0.383 006 5.715 011 3.909 +.007 13.292 064  10.358 +.167

10 input stories from our test set. The subjects are presented with
a story text, along with five animations generated by different
methods; the order of the animations are randomized. The subjects
are asked to choose: 1) which one has the most realistic motion
and 2) which best matches the given story. We present the results
in Table 3. For motion realism, our method is preferred by the
subjects 40.9% of the time, surpassing all the other methods. For
story alignment, our method is chosen by the subjects 50.0% of
the time, outperforming the second best method (31.8%) by a large
margin. This highlight the excellent storytelling abilities of our
method again.

5.4 Ablation Study

We first test the importance of the two core components in our
model architecture, i.e., SeqIR and PatIR blocks, by training and
evaluating two variants of our full model. The first variant (SeqIR-
only) solely uses the SeqIR blocks (with the ParIR blocks removed) in
the denoising network, while in the second first variant (ParIR-only),
only the ParIR blocks are included (with the SeqIR blocks removed)
in the network, and the conditional embedding e onq is incorporated
into each ParIR block through AdaLN as in the SeqIR blocks. The

results are shown in Table 4. Removing either SeqIR or PatIR leads
to performance degradation across all the metrics compared to the
full model. This suggests that both components are essential for
the generation of high-fidelity, diverse and storytelling motions.
Moreover, when the auxiliary losses in Equation 3 are removed, our
model’s performance drops, implying their effectiveness.

6 Conclusion

In this paper, we make the first attempt to study the task of story-
telling dual-character motion generation, which aims to synthesize
3D motion sequences of two interacting characters to tell a given
story. To solve the task, we contribute a new two-character motion
dataset dedicated to this task, which consists of expressive motion
sequences and story-oriented text descriptions, and propose a diffu-
sion model with a novel architecture that captures inter-character
interactions at multiple temporal scales. We show the effectiveness
of our model in synthesizing animations that faithfully express
given stories. We believe that our work can inspire future research
in developing more sophisticated methods for storytelling human
motion generation.
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