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Figure 1. Overview of our work. We propose to generate 3D human reactions from RGB videos. To tackle this task, a simple yet
effective framework, HERO, is presented. Furthermore, to facilitate research in this area, we introduce the ViMo dataset, which features a
wide range of interaction categories covering three broad ones: human-human interactions, animal-human interactions, and scene-human
interactions. For the human reactions visualized in the figure, the darker colors indicate the later in time.

Abstract

Human reaction generation represents a significant re-
search domain for interactive Al, as humans constantly in-
teract with their surroundings. Previous works focus mainly
on synthesizing the reactive motion given a human motion
sequence. This paradigm limits interaction categories to
human-human interactions and ignores emotions that may
influence reaction generation. In this work, we propose to
generate 3D human reactions from RGB videos, which in-
volves a wider range of interaction categories and natu-
rally provides information about expressions that may re-
flect the subject’s emotions. To cope with this task, we
present HERO, a simple yet effective framework for Human
rEaction geneRation from videOs. HERO considers both
global and frame-level local representations of the video to
extract the interaction intention, and then uses the extracted
interaction intention to guide the synthesis of the reaction.
Besides, local visual representations are continuously in-
Jjected into the model to maximize the exploitation of the dy-
namic properties inherent in videos. Furthermore, the ViMo
dataset containing paired Video-Motion data is collected to
support the task. In addition to human-human interactions,
these video-motion pairs also cover animal-human interac-
tions and scene-human interactions. Extensive experiments
demonstrate the superiority of our method.

tCorresponding Author.
Project page: https://jackyu6.github.io/HERO

1. Introduction

Human reaction generation refers to the technology that al-
lows computers to synthesize realistic and natural human
reactions based on input signals. It has a wide range of ap-
plications in interactive virtual and augmented reality, ani-
mation, games, human-robot interaction, and embodied Al,
which promises to bring non-player characters (NPCs) to
life and enable humanoid robots to understand and respond
to social cues and environmental factors in a human-like
manner [21, 59, 103]. Previous works [13, 21, 58, 59, 103]
focus mainly on synthesizing the motions of reactors con-
ditioned on the motions of actors. These motions are well-
organized structured data that computers can easily process.
However, intelligent systems such as humanoid robots often
use raw visual signals as input. Therefore, human reaction
generation from videos is worth exploring.

We note that using human motions as input introduces
two limitations in the context of human reaction genera-
tion: restricted interaction categories and the absence of
emotional information. On the one hand, it limits the in-
teraction types to human-human interactions, overlooking
other forms of interaction such as animal-human and scene-
human interactions, thereby constraining the machine’s ca-
pacity to engage with the broader world. On the other hand,
the motion data used in prior works do not reflect the emo-
tional states of the characters. In fact, during human-human
interactions, the actor’s emotions may influence the reac-
tor’s decision-making process, particularly when the actor’s
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motion cannot clearly convey interaction intention. Con-
sider the following interaction: “the actor walking towards
the reactor”. If the actor approaches the reactor with a neu-
tral facial expression, the reactor may simply remain sta-
tionary, awaiting further actions from the actor. When the
actor walks towards the reactor in an angry manner, the
reactor may tend to respond by stepping back or moving
aside. In contrast, if the actor approaches the reactor hap-
pily with a smile on their face, the reactor is more likely
to move forward and may even initiate interactions such
as handshakes or waves. The aforementioned example il-
lustrates that the same action, when associated with differ-
ent emotional information, could elicit distinct human reac-
tions. Compared to human motion data, RGB videos can
encompass a broader range of interaction categories, and
naturally contain both the subjects’ actions and facial ex-
pressions that may reflect emotions (provided the face is
visible) [86—88], without the need for expensive specialized
equipment for capture.

In light of the significance to the application and the field
discussed above, we propose to generate 3D human reac-
tions from RGB videos. Unlike the previous task on human
reaction generation [13, 21, 58, 59, 103] that requires to
align the motion of the actor and the synthesized motion of
the reactor in the same coordinate system, our aim is to gen-
erate a single reactive motion based on a given video, simi-
lar to some mainstream tasks of human motion generation,
e.g., text-driven human motion generation (text-to-motion
generation) [12, 26, 27, 69, 90, 115, 116]. Nevertheless,
a notable distinction exists between our task and text-to-
motion generation, particularly with regard to the utilization
of representations of the input signals. Specifically, in the
text-to-motion paradigm, once the semantic representation
of the input text is obtained, it is typically leveraged without
further processing, directly serving as a guidance for motion
generation. This implies that the model passively adheres
to the textual semantics, with limited active comprehension
or refinement of the encoded information. In contrast, our
objective is not to have the model passively comply with
video semantics to synthesize motion. Instead, we aim to
enable the model to proactively extract the interaction inten-
tion from the visual representations, which is then exploited
to guide the generation of the reaction.

The global representation of a video can, to some ex-
tent, reflect interaction intention. However, the interac-
tion intention it represents is not ideal due to being de-
rived from the average pooling of frame-level representa-
tions [45, 74, 96], which treats each frame equally. No-
tably, certain key-frames within a video are more reveal-
ing of interaction intention than other frames. For instance,
the global semantics of a video might be described as: “A
person walks over, initially with no movement in the upper
body, then spreads their arms.” The frames associated with

“spreading the arms” reveal interaction intention of “hug-
ging” more significantly than the preceding frames.

Motivated by the above observation, we propose a
global-local representation cross-attention mechanism that
simultaneously leverages global and local visual represen-
tations obtained from the video encoder [45] to extract
interaction intention. Specifically, it assigns weights to
each local frame-level representation on-the-fly based on
the global representation of the input video and then per-
forms weighted fusion of per-frame representations to ob-
tain refined information on interaction intention. Next, we
employ intention-conditioned self-attention to empower in-
teraction intention to guide reaction generation. We further
adopt motion-frame cross-attention to enable the model to
obtain the details of the video content, fully leveraging the
inherent dynamic properties of the video. We integrate the
aforementioned techniques into a new framework, HERO,
for human reaction generation from videos.

In addition, we collect the ViMo dataset, which con-
tains video-motion pairs involving human-human, animal-
human, and scene-human interactions, featuring diverse in-
teractions of 32 subcategories. It serves as a test bed for
model training and evaluation.

Our main contributions can be summarized as follows:
1) We propose a new task aimed at generating 3D human
reactions from RGB videos with interactivity. Due to the
inherent nature of videos, we break through the limitations
of previous works with regard to categories and emotions.
2) We present HERO, a simple yet effective framework that
extracts interaction intention from the video, and utilize the
interaction intention and the dynamic information of the
video to synthesize plausible reactions. 3) We construct the
ViMo dataset that contains video-motion pairs covering a
wide range of interaction categories to support the proposed
task setting. Extensive experiments demonstrate the feasi-
bility of our task and the superiority of our methodology.

2. Related Work

Human Motion Generation. The goal of human motion
generation is to synthesize human motion conditioned on
various signals such as action labels [6, 9, 25, 62, 68, 101,
104], texts [12, 17, 18, 26, 27, 69, 90, 98, 115, 116], music
[5,22,51,52,84,92, 121], speech [3, 4, 30, 122] and sparse
observations [2, 8, 16, 33, 39]. Different kinds of generative
models are utilized in these works for effective modeling.
While some works [97, 101, 104] adopt GAN [23] mod-
eling for their methodologies, others [6, 9, 25, 26, 68, 69]
utilize the VAE [46] framework to learn probabilistic map-
ping between conditions and motions. In addition, flow-
based models [2, 75] are also employed. Diffusion models
[31, 85] have recently been increasingly applied in human-
related generation tasks [10, 53, 109]. Diffusion-based
methods [14, 15, 34, 44, 48, 81, 92, 111, 120] generate mo-
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tions through a reverse diffusion process from noise. For
autoregressive-based methods [22, 27, 37, 115, 117, 119,
123], motions are first discretized as tokens through vector
quantization [93] so that the Transformer can model the task
as a next token prediction problem. Furthermore, some re-
cent works [28, 35, 70, 72] propose to exploit masked mo-
tion modeling, which achieves real-time and high-fidelity
motion generation thanks to the efficient inference process
and powerful bidirectional attention. Therefore, we nat-
urally adopt generative masked motion modeling in this
work. However, unlike simply following the control sig-
nal to synthesize the motion, our task requires the model to
extract the interaction intention from the video to generate
a plausible human reaction.

Human Reaction Generation. Previous works [13, 21,
58, 59, 103] of human reaction generation mainly focus
on human-human interactions, i.e., synthesizing the reac-
tor’s motion conditioned on the actor’s motion. To achieve
this goal, [13] proposes InterFormer, a Transformer network
with temporal motion attention and spatial skeleton atten-
tion. ReGenNet [103] and ReMoS [21] adopt diffusion-
based models to generate the full body motion of the reactor.
[58] designs a method of reaction synthesis with or without
objects utilizing affordance [82, 105-107, 118]. PhysRe-
action [59] introduces a forward dynamics-guided 4D im-
itation method to generate physically plausible reactions.
However, none of the aforementioned works has consid-
ered animal-human and scene-human interactions, as well
as emotional information of the actor. In contrast, we pro-
pose to generate human reaction from RGB videos, which
cover human-human, animal-human, and scene-human in-
teractions. In addition to the actor’s movement, the video
could also provide information about the actor’s facial ex-
pression, which naturally reflects their emotion.

Human Interaction Dataset. There are many datasets on
human interaction, as it is a topic that has long been of in-
terest. Some datasets [29, 32, 54, 102, 110] provide motion
data of human-human interactions. However, they lack fa-
cial expression information of participants. In other words,
these data cannot reflect the emotions of the actors, as
videos could. Other datasets [41, 64, 67, 78] supply videos
of human-human interactions. However, most videos in-
volving human-human interactions in these datasets con-
tain the actor and the reactor simultaneously, i.e., they are
not filmed from the perspective of the reactor. There are
also datasets [19, 57, 94, 95, 112] that furnish both motion
data and videos of human-human interactions. However,
their videos suffer from the same issue mentioned above.
[42,43,47, 66,79, 80] do provide videos from the reactor’s
view. However, they cover only a few interaction categories
and are limited to human-human interactions. To support
our work, we build a new dataset that contains video-motion
pairs, covering human-human, animal-human, and scene-

human interactions.

3. Method

Given an RGB video V' with interactivity, HERO gener-
ates a reactive 3D human motion M. Specifically, a video
V € RTXHXWX3 hag a spatial resolution of H x W with
T sampled frames, and a motion M € RV is a sequence
of N poses with D denoting the dimension of pose repre-
sentations. Our framework consists of three modules: The
video encoder (Sec. 3.1) is used to extract visual represen-
tations of the input video. The motion VQ-VAE (Sec. 3.2)
learns a mapping between the raw motion and discrete code
sequences. The reaction generation module (Sec. 3.3) ex-
tracts interaction intention from visual representations and
uses it to guide the generation of code indices. The pipeline
of HERO is illustrated in Fig. 2.

3.1. Video Encoder

To extract the representations of the input videos, we em-
ploy the video encoder of TC-CLIP [45], a paradigm for
extending CLIP [73] to videos by encoding holistic video
information through temporal contextualization. Given a
video V, the video encoder obtains the per-frame repre-
sentations v; = [v1, Va, ..., vr|, which we call local visual
representations. Finally, the global visual representation v,
is produced by averaging local visual representations for-
mulated as: vy= AvgPool([v1, vy, ..., vp]), where v, €
R, v; € R, i € {1,2,...,T}, dy is the dimension of
the vision-language latent space.

3.2. Motion VQ-VAE

The functionality of the motion VQ-VAE is to learn dis-
crete representations of motions for subsequent use by the
generative module. It transforms the embedding z output
by the motion encoder E,, into the entries of a learnable
codebook C = {c;}£ | containing K code entries with
¢, € R where d, is the dimension of the entries. Specif-
ically, the 1D convolutional motion encoder E,,, first trans-
forms the motion M € RM*P into the latent embedding
z = En(M) € R" % with a temporal downsampling
ratio of « = n/N. Next, we have the process of vec-
tor quantization Q: Each vector in z is substituted with its
closest entry in the codebook C, determined by computing
the Euclidean distance. The indices of the sampled entries,
i.e., motion tokens m € R"™ serve as discrete representa-
tions of the input motion. Finally, the motion can be re-
constructed by the motion decoder D,,, using the quantized
vectors q = Q(z) € R™*% as inputs. Overall, the motion
VQ-VAE is trained with the following loss function:

Log = Lre + Isglz] — all3 + |z — sglalllz, M

where sg|] refers the stop-gradient operator, 3 is a hyper-
parameter. For the motion reconstruction, we use ¢; smooth
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Figure 2. The pipeline of HERO. During training, the video and GT reactive motion are input into HERO. As for inference, only the video
is provided. Note that we omit the residual motion refinement (See the end of Sec. 3.3) from the figure for clarity.

loss: L. = L5 (M, Dy (q)). To improve codebook
utilization, we apply the exponential moving average and
codebook reset following [28, 71, 72, 115].

3.3. Reaction Generation Module

Masked Motion Modeling. Recently, generative masked
motion modeling [28, 72] has achieved high-fidelity and
real-time motion generation due to its powerful bidirec-
tional attention and efficient inference process. There-
fore, we naturally migrate masked motion modeling to our
task. In our experiments, we use two learnable special
tokens: [PAD] and [MASK]. The [PAD] token is uti-
lized to pad shorter motion sequences, enabling the process-
ing of batches containing multiple sequences with different
lengths. The [MASK] represents input corruption. We first
randomly replace a varying fraction of motion tokens m
with the [MASK] token to obtain a corrupted sequence m.
Then, a masked Transformer model is trained to predict the
actual tokens in place of [MASK] given conditions ¢ and
m. In practice, we linearly project ¢ and m to the same la-
tent dimension d;. The training objective is to minimize the
negative log-likelihood of target predictions:

>

Vi, = [MASK]

L:mask = ]EmG’D - Ing(m7~|fhv C) (2)

Unlike previous works [28, 72] using Transformer en-
coder, we implement the masked Transformer by stacking

Niayers Transformer decoder units to better exploit the dy-
namic information in the videos. We adopt a cosine func-
tion to schedule the masking ratio and use the remasking
strategy following [28]. The inference process begins with
an empty canvas, which is represented as a sequence where
all tokens are [MASK]. Subsequently, the model iteratively
predicts more tokens in parallel at each step.

Interaction Intention Extraction (IIE). The most differ-
ent aspect from previous paradigms such as text-to-motion
generation is that our goal is not to have the model pas-
sively follow control signals, but rather to enable it to proac-
tively extract interaction intention from visual representa-
tions to guide reaction generation. In general, the global
visual representation v, reflects the interaction intention
to some extent, as it contains global semantic information
about the video. In fact, some key-frames in a video could
be more valuable than others for revealing the interaction
intention. Therefore, instead of directly using the global
visual representation v, derived from the average pooling
of local visual representations v; as the interaction inten-
tion representation, we propose the global-local representa-
tion cross-attention to extract a refined interaction intention
representation. Mathematically, our global-local represen-
tation cross-attention is expressed as:

KT
Attg = softmax (Qq—l) Vi,
Vd

vl

(3)

where the query Q, = v,W, € R%! keys K; = v;W}, €
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RT*dvt and values V; = v;W, € RT*d are given
by linear projections, d,,; is the dimension of the vision-
language latent space. Thus, the model can proactively as-
sign weights to each local visual representation on-the-fly
based on the global visual representation of the video, and
perform a weighted summation of local visual representa-
tions to produce an embedding Att,; with refined informa-
tion on interaction intention. Finally, we input Att,; into an
FFN to obtain the interaction intention representation e.
Interaction Intention Injection. In order to inject interac-
tion intention into the model so that it can guide the gen-
eration of reactions, we adopt intention-conditioned self-
attention. Specifically, we first project the interaction in-
tention representation e and the corrupted motion token se-
quence m to the same latent dimension d;, and concatenate
them through the temporal dimension. Then we calculate
the conditional self-attention between them. In this man-
ner, the interaction intention is effectively integrated into
the token sequence through the attention computation pro-
cess, thereby facilitating the guidance of reaction synthesis
by the interaction intention.

Dynamic Information Exploitation (DIE). Videos inher-
ently possess dynamic attributes that can be well utilized
by the model. Intuitively, we linearly project local visual
representations to the latent dimension d;, and compute the
motion-frame cross-attention to maximize the exploitation
of available dynamic information in the video. The calcula-
tion of the cross-attention is formulated as follows:

mKF
Attty = softmax Q- K; Vy, (C))
Vdi

where Q,, € RM™TDXd js derived from linear projec-
tion of the output of the previous conditional self-attention,
K; € RT*4 and V; € RT*4 are linear projections of the
local visual representations in the latent space. Through this
process, the model can take advantage of the inherent dy-
namic properties of the video to browse the detailed content
in the video, and learn the importance of each key-frame in
the video for reaction generation.

Residual Motion Refinement. We utilize residual motion
refinement as in [28, 71] to further improve the quality of
the generated motion. In the motion tokenization stage,
a residual VQ-VAE (RVQ-VAE) [113] discretizes the raw
motion sequence into multiple code sequences to minimize
information loss during the process of quantization. Specif-
ically, each code sequence is produced by a distinct quan-
tization layer, with each quantization layer responsible for
encoding the quantization error (namely residual) remain-
ing from the preceding one. In the motion generation stage,
the masked Transformer is trained to generate the most in-
formative code sequence (a.k.a. base-layer motion tokens)
from the first quantization layer. Using base-layer motion
tokens as input, another residual Transformer that has a sim-
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Figure 3. ViMo dataset contains 32 subcategorized interactions,
each belonging to one of three broad categories: human-human
interactions, animal-human interactions, and scene-human inter-
actions. Among them, human-human interactions cover daily so-
cializing, sports, physical confrontations, and others.

ilar architecture to the masked Transformer predicts the re-
maining code sequences (a.k.a. residual-layer tokens). Fi-
nally, all the code sequences add up to form one sequence
used by the decoder for motion reconstruction.

4. Dataset

We introduce the ViMo dataset, which contains paired
video-motion data to support our task setting. Fig. 3 pro-
vides some information on the categories.

Video Collection. We mainly acquire RGB videos in two
ways: one is to select from publicly available datasets and
the other is to utilize video generation models. Specifi-
cally, we carefully select 1,335 clips from datasets includ-
ing UCF101 [89], JPL-Interaction [79], JPL-Interaction-e
[80], IDEA400 [56], HMDBS1 [50], Ego-Exo4D [24], Har-
mony4D [43], Ego-Humans [42], etc. The videos we col-
lect adhere to the condition that humans could react to the
content if they were seeing it in real life. Long videos
are cropped into clips containing only one atomic action.
These videos span many categories of human-human in-
teractions, such as daily socializing and sports. However,
videos containing certain contents, such as “a tiger roaring
towards the camera” and “a car driving fast towards the
camera” are not easy to find in these datasets. Therefore,
we employ several high-performance text-to-video genera-
tion models [1, 7, 20, 49, 65, 83, 91, 108, 114] to gener-
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ate the desired videos and manually filter 1390 high-fidelity
ones from them. In addition, to further enrich the diversity
and quantity of videos, while obtaining videos of characters
with specified actions, we use the following approach: The
motions of the actors in Inter-X [102] are first rendered as
RGB videos from the viewpoint of the reactor. The videos
are then converted into a realistic style using Gen-3 Alpha
[77], a model with the capability of video-to-video genera-
tion. Finally, 775 desired videos are selected from them. In
summary, applying the methods described above, we col-
lect a total of 3,500 videos featuring humans, animals, and
scenes that allow human interaction with the depicted con-
tents. These videos contain 375.61 k frames, with a total
duration of 3.83 hours, which cover 32 subcategories.
Motion Collection and Processing. The collection of mo-
tions is similar to that of videos. On the one hand, we se-
lect the corresponding motion data of human reactions from
datasets such as Inter-X [102], Harmony4D [43] and Ego-
Humans [42] based on the collected videos. On the other
hand, we employ MoMask [28] to generate the desired mo-
tion data from text prompts. A manual post-processing step
ensues to filter out abnormal motions. We obtain a total
of 2,000 motions in a ratio of 3:1 using the above two ap-
proaches. The pose representations of all motions are con-
verted to the format used in HumanML3D [26]. We scale
motions to 20 FPS and crop them into the most semantically
informative ones, each with a maximum duration of 10 sec-
onds. For data normalization, motions are then retargeted
to a default human skeletal template and properly rotated to
face the Z+ direction initially as in [26]. As a result, the mo-
tions contain a total of 193.61 k frames, equivalent to 2.69
hours, in which the average motion length is 4.84 seconds.
Video-motion Pairs. Since all of our motions are hand-
picked human reactions corresponding to the content of
the collected videos, we can easily pair them up. That
is, for each video in our dataset, we can find one or even
more corresponding plausible reactions from our motion
set. We manually pair each video with a motion to form
our base dataset that contains 3,500 video-motion pairs. We
also investigate pairing each video with several motions
for training in the Sup. Mat. These paired data cover a
wide range of interaction categories, with three broad ones:
human-human, animal-human, and scene-human interac-
tions. Among them, human-human interactions consist of
daily socializing, sports, physical confrontations, and oth-
ers. More details on ViMo can be found in the Sup. Mat.

5. Experiments

5.1. Experimental Settings

Dataset Partitioning. For each subcategory of video-
motion pairs, we divide them into the training set and the
test set with a ratio of 4:1, resulting in a base dataset (ViMo-

Method FID) Diversity—  MModalityt
Real - 7 Q54%0-074 j

MDM [90] 1.688%0-080  7.38550-088 9 17750064
MLD [12] 1.565E0:041 7 43140.090 9 1p+0.062
TOM-GPT [115] 1.154%0:038 779140081 | 3+0.032
BAMM [71] 0.930E0031  7.6190.055 | ggr+0.047
MoMask [28] 0.856+0-015 7 394 £0.056 | 55m+0.043
HERO 0.427+0014 7 g1 +0.061 | g 4+0.040

Table 1. Quantitative evaluation on the ViMo test set. + indi-
cates 95% confidence interval, and — means the closer to the real
motions the better. Bold face indicates the best result.

5
@ Motion Quality
Reaction Plausibility

Average Scores

MDM MLD T2M-GPT BAMM MoMask HERO GT

Figure 4. User study results. The higher the scores, the better.

base) with 2800 pairs for training and 700 pairs for testing.
Evaluation Metrics. We employ metrics that are widely
adopted in prior works [25, 26, 103] on human motion gen-
eration, including: Frechet Inception Distance (FID), diver-
sity, and multimodality.

Implementation Details. During training and testing
HERO, the parameters of the video encoder are frozen.
We initialize the RVQ-VAE with the weights obtained by
pretraining on HumanML3D [26] and then fine-tune it on
ViMo for 10 epochs with a batch size of 256. For the Trans-
formers, we train them for 200 epochs with a batch size of
64. Please refer to the Sup. Mat. for more details.

5.2. Comparison to State-of-the-art Approaches

As no prior research has addressed human reaction gener-
ation from videos, we reimplement several existing state-
of-the-art methods of human-centric generative models as
baselines. These methods range from diffusion-based mod-
els [12, 90], autoregressive model [115], to masked gener-
ative models [28, 71]. For the sake of fairness, all of their
signal encoders are replaced with the video encoder of TC-
CLIP [45], and all of their VAE/VQ-VAEs are initialized
with the weights obtained by pretraining on HumanML3D.

As reported in Tab. I, HERO outperforms the baselines
on FID and diversity, suggesting that it learns the reaction
patterns well. Although multimodality is important, [28]
highlights its role as a secondary measure which should be
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Figure 5. Visual comparisons between the different methods given three distinct videos from ViMo test set.

Method FIDJ Diversity— MModality T
Real - 7.054+0:074 -

wollE  0.535%0:017  7.671%0:056 1 g2g+0.042
w/o DIE ~ 0.521F0-011  7.769+0.068 1 4340052
HERO  0.427%0:014  7.801+0061 1 14+0.040

Table 2. Quantitative ablation studies. w/o means without. IIE
and DIE represent Interaction Intention Extraction and Dynamic
Information Exploitation, respectively.

HERO

w/o TIE

w/o DIE

Figure 6. Qualitative ablation studies given the same video. A
plausible reaction would be to defend against the shooting.

evaluated alongside primary performance metrics such as
FID. The qualitative comparisons in Fig. 5 show that HERO
is more capable of generating plausible reactions than other
methods.

User Study. We ask participants to rate (1 to 5, the higher
the better) the motions they observe in terms of the quality
of the reactive motion (motion quality), and the plausibil-
ity of the reaction given the video (reaction plausibility) as
in [21]. For each method, 50 reactions are generated us-
ing the same video pool from the ViMo test set. We report
the average scores from the feedback of 40 participants in
Fig. 4, excluding the feedback that did not pass our vali-
dation checks. In both metrics surveyed, HERO-generated
reactions receive the highest scores, except for GT.

5.3. Ablation Study

We can observe from Tab. 2 that both interaction inten-
tion extraction (IIE) and dynamic information exploitation
(DIE) effectively bring the generated reactions closer to the
real distribution. Fig. 6 illustrates that the absence of IIE
may produce an implausible reaction, while the absence of
DIE leads to a decrease in motion quality.

5.4. Performance Analysis

Different Broad Categories of Interactions. Fig. 5 show
the reactions synthesized by HERO in different broad cat-
egories of interactions: human-human, animal-human and
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Figure 7. Visualized cases of generating on the Unseen set. Note that the data of the subcategories to which each video in the figure

belongs are not utilized when training HERO on the Seen set.

Walking towards Angrily

Walking towards Expressionlessly

Figure 8. Visualized cases of “walking towards” with different
emotions. The left side of each row in the figure is the input video
and the right side is the reaction generated by HERO.

scene-human interactions. The visualization results validate
the effectiveness of HERO in different broad categories of
interactions. The quantitative results are presented in the
Sup. Mat.

The Same Action with Different Emotions. As demon-
strated in Fig. 8, HERO can generate different plausible re-
actions depending on the subjects’ different emotions, even
if the subjects’ actions are the same.

Generalization Ability. We further divide the 3500 pairs in
the base dataset into two parts, Seen and Unseen. The Seen
set covers 26 subcategories of interactions, and the Unseen

set contains the remaining 6 subcategories. To verify the
generalization ability of HERO, we train it on the Seen set
and use it to generate reactions on the Unseen set. The vi-
sualized cases in Fig. 7 show that HERO dose have a certain
generalization ability for unseen video categories. More ex-
perimental results can be found in the Sup. Mat.

6. Conclusion

In this paper, we introduce a new task focused on gener-
ating 3D human reactions from RGB videos with interac-
tivity. With the collected ViMo dataset containing video-
motion pairs, we train HERO, a model that extracts inter-
action intention from input video and uses it to guide the
generation of the plausible human reaction. Extensive ex-
periments demonstrate the effectiveness and superiority of
HERO. We hope that this work can contribute new insights
into 3D human motion generation involving interaction.
Limitations and Future Work. Currently, the categories
and volume of video-motion pairs still need to be expanded,
and our framework is as simple as possible to verify the fea-
sibility of the task. In the future, we plan to integrate the
bidirectional autoregressive approach [71] into our frame-
work so that the model can predict the length of the reac-
tion by itself. Also, we can incorporate physical constraints
[111] into the pipeline to eliminate artifacts such as floating
and foot sliding, often observed with human motion gener-
ation models.
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