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Abstract—We have recently seen some progress in the current
field of human-human interaction generation. However, directly
generating complex two-person interactive motions remains a
significant challenge. Meanwhile, these models typically employ
two independent timelines when generating motions for inter-
active scenarios involving two individuals. This design overlooks
the temporal dependencies between motions at each timestep and
fails to account for the roles of active and reactive participants
during the generation process, often resulting in unrealistic
and unnatural motions. In this work, we propose HiTMM,
a novel framework for Human interaction generation based
on Temporal Masked Modeling. HITMM first decomposes the
human interaction into two separate single-person motions.
Individual motions within the interaction belong to the same type,
enabling them to be mapped to a shared latent space through a
coarse-to-fine approach that produces multi-layer discrete tokens.
We then arrange all tokens of the two interacting individuals
along a shared timeline. Subsequently, we employ a masked
transformer and a residual transformer to model the base-layer
and rest-layer motion tokens. Both the base-layer and rest-layer
motion tokens are arranged along a single timeline, allowing the
model to explicitly capture the temporal order and initiating
role embedded in the sequence, where the first individual’s
motion initiates the interaction. Note that, our model utilizes a
shared temporal representation, making it capable of performing
temporal editing on specific regions within human interaction
sequences. Experimental results show that our model achieves an
FID of 5.017 on the InterHuman dataset, surpassing the current
state-of-the-art model (vs 5.154 for InterMask), and an FID of
0.373 on the InterX dataset (vs 0.399 for InterMask). Project
URL: |https://jiaozicheng.github.io/HITMMY/.

Index Terms—Human interaction generation, temporal mod-
eling, masked modeling, discrete motion tokens.

I. INTRODUCTION

UMAN motion generation plays a crucial role in com-
H puter vision and graphics, with extensive applications in
animation, robotics, and gaming. Among various generative
Al tasks, text-to-motion generation has emerged as one of

This work was supported in part by the National Natural Science Founda-
tion of China under Grant 62476131 and Grant 62377004, in part by the
Major Science and Technology Projects in Jiangsu Province under Grant
BG2024042, and in part by the Italian PNRR projects M4C2 Spoke 06 e.INS,
HPC Spoke 09 DI-DTPlatform and UrbanDT4TF, FAIR Spoke 10 VisAViT.
(Corresponding author: Yunlian Sun.)

Zicheng Jiao, and Yunlian Sun are with the School of Computer Science and
Engineering, Nanjing University of Science and Technology, Nanjing 210094,
China (e-mail: jzc6915@njust.edu.cn; yunlian.sun@njust.edu.cn).

Hongwen Zhang is with the School of Artificial Intelligence, Beijing Nor-
mal University, Beijing 100875, China (e-mail: zhanghongwen @bnu.edu.cn).

Jinhui Tang is with the School of Artificial Intelligence, Nanjing Forestry
University, Nanjing 210023, China (e-mail: tangjh@njfu.edu.cn.).

Massimo Tistarelli is with the Department of Engineering, University of
Sassari, 07100 Sassari, Italy (e-mail: tista@uniss.it).

HITMM

InterMask

Fig. 1. HiTMM generates human-human interactive motions using a shared
timeline under causal temporal control. Given an interaction text input, our
method can produce high-quality 3D human motions maintaining temporal
continuity.

the most promising directions. Recent advances in motion
capture technology [1]-[4] have facilitated the efficient collec-
tion of large-scale human motion datasets. Despite significant
progress in this field, simultaneously generating reasonable
motions for two interactive individuals is highly challenging.
First, the motions of both individuals should remain closely
correlated at each timestep. Second, it is crucial to preserve the
distinct roles of the active and passive participants throughout
the generation process. Finally, for downstream applications,
the model should generate plausible and natural motions while
maintaining consistency throughout the entire sequence.
Currently, most interactive motion generation methods pri-
marily rely on diffusion models. Among these, InterGen [5]]
stands out as a seminal work in the field. It proposes a spe-
cialized diffusion model for human-human interactions, incor-
porating interaction-centric optimization during training, and
yields impressive results. Moreover, InterGen [5] introduces
InterHuman, the first comprehensive dataset for human-human
interaction generation. Then, in2IN [6] extends the overall
interaction description by additionally incorporating individual
text descriptions generated through the large language model
for further enhancement. Meanwhile, MoMat-MoGen [7]
leverages auxiliary motion datasets to retrieve and refine text-
conditioned interactions, achieving superior motion quality.
Given the relatively limited scale of the InterHuman dataset,
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direct training on it often leads to suboptimal performance.
This learning strategy imposes a significant burden on the
model, requiring it to generate complete motion information in
one pass while simultaneously modeling complex interactions
according to textual descriptions. Additionally, the training of
diffusion models is notably time-consuming. An alternative
and more efficient method involves transforming motions into
discrete tokens through vector quantization [8[]-[10]. This ap-
proach operates by pretraining a Vector Quantized Variational
Autoencoder (VQ-VAE) to map motions into a discrete code
space, followed by predicting these tokens guided by textual
descriptions. InterMask [11] pioneers the application of VQ-
VAE for local joint discretization combined with masked mod-
eling, significantly improving the quality of interactive motion
generation. However, this method expands the original token
sequence length fivefold, resulting in a substantial increase in
computational complexity. Furthermore, existing approaches
typically model multi-person motion by generating motions
for each individual separately following independent timelines.
This design risks losing critical interaction information, includ-
ing fine-grained temporal dependencies between individuals,
and also fails to preserve the distinct roles of active and passive
participants during interactive motion generation.

Motivated by the outlined issues, we propose HiITMM, a
novel framework for Human interaction generation based on
Temporal Masked Modeling, as illustrated in Fig. [I} HITMM
is designed with the following key designs: (1) To effectively
capture complex human interactive motions, we employ a
shared single-person Residual Vector Quantized Variational
Autoencoder (RVQ-VAE) to model complete motions of both
individuals within the interaction. This strategy treats each
individual as the same category, thereby simplifying the repre-
sentation of human interaction. Compared to traditional VQ-
VAE, RVQ-VAE exhibits superior data fitting capabilities,
thanks to its multi-layer residual quantization mechanism [9],
[12]-[15]. Furthermore, each discrete token represents a mo-
tion snippet of the whole body, facilitating applications like
temporal editing. (2) In human-human interaction generation,
we cross-arrange and serialize motion tokens of both individ-
uals at each timestep. The motion tokens of one individual
are temporally linked to those of the other person, enhancing
the ability to learn from each other while preserving mo-
tion smoothness and continuity. Moreover, by incorporating
learnable identity embeddings, this cross-arrangement design
enables the model to automatically capture the respective
roles of each participant during interaction generation, treating
the motion arranged first as the active agent. (3) We utilize
the Temporal Masked Transformer (TMT) and the Temporal
Residual Transformer (TRT) to learn the entire multi-layer
token sequences. TMT and TRT are trained to predict the
base-layer and residual motion tokens, respectively. The core
design of TMT integrates two specialized attention modules:
the Temporal Attention module and the Interactive Atten-
tion module. The Temporal Attention module is specifically
designed to capture temporal dependencies within the mo-
tion token sequences of two individuals, effectively modeling
dynamic changes along the time dimension. The Interactive
Attention module uses shared self-attention and cross-attention

mechanisms to capture individual motion features and model
the interactive dependencies between the two individuals.

During the training phase, we initially cross-merge the

motion token sequences of two individuals along a single time-
line. Subsequently, we employ TMT to mask motion tokens of
the base layer for both individuals at a set ratio and perform
prediction. Meanwhile, we utilize TRT to progressively predict
the motion tokens starting after the base layer until reaching
the randomly selected quantized layer. For inference, the
process begins with a fully masked set of tokens and proceeds
through multiple iterative steps. At each step, the crossover
merged tokens with the highest confidence are retained, while
the rest are remasked until the iteration completes. Once
the base-layer motion tokens are fully predicted, the role
occupying the first temporal index position initiates the entire
motion sequence as the active participant. Subsequently, TRT
progressively predicts the remaining motion token sequences.
While each discrete token in InterMask [11] represents a
motion snippet of local joints, our approach encodes a motion
snippet of the whole body in each discrete token, providing
inherent advantages for temporal editing. Thanks to this single-
timeline design and discrete tokens of complete motion repre-
sentations, we can freely edit any continuous region within an
interactive motion sequence, similar to the approach used in
single-person motion generation. As shown in Table[[, HITMM
achieves a superior performance over the current state-of-the-
art method InterMask [11]] across evaluation metrics including
Frechet Inception Distance (FID), R-precision and Average
Inference Time per Sentence (AITS) in seconds. Notably,
our first-stage motion tokenizer requires only 1 hour and 40
minutes to train, a marked reduction from the 10 hours and
10 minutes needed by spatio-temporal reconstruction stage
of InterMask [11]. This efficiency stems directly from our
simplified global quantization design.

Overall, the main contributions of this paper are:

« We propose a three-stage pipeline that decouples interac-
tive motion modeling, thereby simplifying the challeng-
ing task of directly generating two-person interactions.

o We propose HITMM, a novel generative temporal masked
model that generates interactive motions through a sin-
gle shared timeline, effectively modeling the temporal
dynamics of human-human interactions. By constructing
token sequences along this unified timeline, HITMM
captures and incorporates distinct roles of active and
passive participants during motion generation.

e Our HiTMM achieves text-conditioned human interaction
generation with high fidelity. Experimentally, it sets a new
state of the art in this task, achieving an FID of 5.017
(vs 5.154 in InterMask [11]]) on InterHuman and 0.373
(vs 0.399 in InterMask [[11]]) on InterX [5].

e« We introduce the first temporal editing method for
human-human interaction sequences, effectively recon-
structing missing or occluded motion segments.

II. RELATED WORK

A. Human Motion Generation

In recent years, the field of human motion generation has
significantly advanced, enabling the creation of complete and



TABLE I
A COMPARATIVE ANALYSIS IS CONDUCTED BETWEEN OUR MODEL AND THE STATE-OF-THE-ART MODEL, INTERMASK [11]], ON THE
TEXT-CONDITIONED HUMAN INTERACTION DATASET, INTERHUMAN [5]].

Methods FID R-Precision  AITS Training Time of What Each Discrete Capturing Exploring Causal
) 1 Top 3 1 1 Motion Tokenizer | Token Denotes? Active / Passive Roles ~ Temporal Dependency
InterMask ~ 5.154 0.683 0.81 10h10m A Motion Snippet X X
of Local Joints
HITMM 5017 0697  0.70 1h40m A Motion Snippet v v

of the Whole Body

detailed motions under various conditions, such as text [,
[9], [16]-[25], audio [26]]-[30], music [31]—[33[], or motion
prefixes [34]], [35]. Early works [36], [37] rely mainly on
random models, which often produce less realistic and blurry
motions. Motion generation based on action labels [38]], [|39]]
is inherently class-based and fails to effectively integrate text
to produce satisfactory motions. The combination of VAE
and transformer frameworks [39]], [40] has shown promise,
with [41] specifically incorporating text conditions on past
frames within a VAE architecture to generate more reason-
able motions. The model in [42], trained in a multimodal
manner, further strengthens the connection between text and
motion. Most recently, diffusion model [43] has emerged as
a powerful approach, driving rapid progress in text-driven
motion generation. MDM [21] employed a non-categorical
diffusion model for text-guided motion generation, while [20]]
involved adding and denoising noise to the latent space tensors
corresponding to motions to generate plausible motions. [44]]
introduced a sketch-guided motion diffusion framework with
a dual-branch time-aware transformer and sketch-aware local
attention for intuitive free-hand sketch-to-motion generation.
Sport [45] used prompt-conditioned diffusion with body-part
contrastive learning to produce dynamically changing motions.
Meanwhile, motion quantization models for motion generation
are also gaining popularity. [8]] quantized motion into discrete
tokens and generated realistic motions by regressively predict-
ing these tokens conditioned on textual input. [9], [[10] adopted
a generative masked modeling framework to enhance text-
to-motion generation, producing more refined and plausible
motions while offering novel approaches for motion editing.
These works provide inspiration for the construction of our
model.

B. Human-Human Interaction Generation

Interactive motion generation has witnessed rapid progress
in recent years. ComMDM [46] trained a small network to link
two pre-trained single-person generation models, MDM [21]],
enabling the generation of human-human interactive motions.
InterGen [5]] introduced InterHuman, the first extensive text-
based dataset for human interactive motions. Additionally,
it designed a diffusion-based model for generating inter-
active motions, significantly advancing subsequent research
in this field. The following studies [6], [7] further im-
proved interactive motion generation by incorporating single-
person textual descriptions and motion datasets. Meanwhile,
InterX [5] provided the largest existing dataset of human-
human interactions, featuring high-quality motion capture,

diverse interaction types, and detailed hand gestures. Reactive
generation [47]-[49] quickly gained significant interest by
introducing the concepts of initiator and reactor into the field
of motion generation. However, current diffusion models for
human-human interaction generation often face challenges
with slow performance in practical applications. Although
InterMask [11]] employed vector quantization to enhance both
the quality and efficiency of interactive motion generation, it
overlooked critical temporal dependencies in two interacting
individuals at each timestep.

C. Quantized Motion Representation

Transforming data into discrete forms has seen rapid devel-
opment in recent years. Deep Motion Signatures [50]] success-
fully learned discrete motif words using a contrastive learning
approach. TM2T [51] was among the earliest to introduce
VQ-VAE [52], converting motion data into discrete tokens
and representing motion as a new “language”, thus estab-
lishing an effective connection between motion and discrete
tokens. Building on this, [8], [53]], [54] further refined mo-
tion quantization using Exponential Moving Average (EMA)
and code reset techniques. [9]], [10] significantly improved
the quality of motion generation by generating discrete to-
kens through masked prediction. Specifically, MoMask [9]
enhanced motion representation by constructing RVQ-VAE
to reduce quantization errors, while MMM [10] employed
a larger codebook to express single-person motions more
effectively. InterMask [[11]] pioneered the introduction of the
VQ-VAE method in the field of interactive motion generation.
It quantized human-human motion data into 2D discrete to-
kens, achieving a quantized representation of joint features in
interactive motions. In contrast to InterMask [11]], this study
innovatively adopts a coarse-to-fine approach to represent
complete motion segments within each discrete token, achiev-
ing the first comprehensive quantization of motion features in
human-human interactions.

III. APPROACH

Our objective is to generate human interactions
{my,} a5y under the guidance of a textual description c,
where m,, € RN XD represents the motion sequence of an
individual, N denotes the time length, D represents the size
of motion features, a and b correspond to Person A and
Person B in the pair, respectively. As illustrated in Fig.
our method comprises three stages. First, we use RVQ-VAE
to learn a codebook that maps the motions of each person
into multi-layer quantized tokens (Section [[TI-A). Next, we
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train a new Temporal Masked Transformer to model the
base-layer motion tokens for both individuals (Section [[II-B).
Simultaneously, we develop a Temporal Residual Transformer
that progressively generates the complete set of motion
tokens from the base-layer motion tokens (Section [[II-C).
The inference process is described in Section [[II-D]

A. Interactive Motion Tokenizer

The goal of the first stage is to map interactive motions
into motion tokens through vector quantization. As shown in
Fig. 2[a), we treat each individual’s motions as the same data
type, allowing utilizing the same single-person RVQ-VAE to
model two-person interactive motions. Specifically, we first
use an encoder to map the motion sequence my1:N) € RNxD
into a latent vector sequence Bp(l:n) € R™? with a down-
sampling ratio of n/N and latent dimension d. In the first
layer, similar to VQ-VAE, each of the d-dimensional vector
is replaced with the closest codebook entry in the codebook
C= {ck}chll C R? through quantization Q(-), producing the
quantized sequence by (1.n) = Q(Bp(lm)) € R"*4, Here, we
represent the residual values of layer O as: rg = Ep. After the
base layer, Residual Quantization (RQ) recursively calculates
b, as the approximation of residual r,, and subsequently
computes the next residual r;;“ as:

v v v+l _
b, =Q(ry), r," = (1)
for v =0,...,V. In general, RVQ-VAE uses a total of V' 41
layers to represent the latent motionvsequence as V + 1
ordered quantized sequence [b;(”‘)}v:o = RQ(BP(L")),
with b;(lm) € R"*4 representing the code sequence of the

v v
ry _bp’

are progressively predicted layer by layer using TRT based on the tokens tcyoss

9:vsd from original layers.

v-th quantization layer. After residual quantization, the latent
sequence of the two-person motions Bp is the sum of all
quantized sequences ZUVZO by, which will then be decoded
for motion reconstruction by the decoder. The V' 41 quantized
motion sequences [bg] ::0 can be represented using their

, where

corresponding indexes in the codebook [t;(l_n)}
’ v=0

t;(l:n) € {1’ B |C‘}n
Following []E[], we use motion reconstruction loss and com-
mitment loss to train RVQ-VAE for each quantization layer:

\4

Lrng = |y, — |l + 8 [|ry — sg[byllf3,
v=0

2

where sg[-| denotes the stop-gradient operation, (3 serves as
a weighting factor used for embedding constraint. 1, and
m,; denote the reconstructed motions of the individuals A
and B, respectively. For updating the codebook, we apply
EMA and codebook reset techniques [8]] to ensure optimal
performance.

In addition to the basic losses of RVQ-VAE, we incorporate
geometric losses from [5]] to introduce additional constraints.
Specifically, the foot contact loss L ¢. encourages the velocity
of the feet to be zero when touching the ground, while
the velocity loss L, encourages the reconstructed motion
joints to match the joint velocities of the groundtruth motion
sequences. The bone length loss L, encourages adjacent joints
in the reconstructed motion to match those in the groundtruth
motion.
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N
1 . .
Loet = 57 ; [(mis1 — mi) = (s — 1)1,
1 N
Efc:ﬁ;”(mi+l_mi)'fi”h (3)

N
1 .
= 57— 2 1Bm) - B

Here, m; and m,; denote the ground-truth and reconstructed
pose at time step ¢, respectively, within a sequence of total
length N. The binary variable f; € {0,1} indicates foot
contact states for the heel and toe joints, while the function
B(+) computes the lengths of bones between adjacent joints.

The overall loss Lr,quqe iS the sum of L,,, and the
weighted combination of geometric losses and interactive
losses:

£rvq'uae = Ervq + )\velﬁvel + )\fcﬁfc + )\blﬁbh (4)

where the hyper-parameters Ayei, Age, Ay are carefully cali-
brated to balance the relative magnitudes of their respective
loss terms.

B. Conditional Temporal Masked Transformer

Our temporal masked transformer is designed to jointly
construct the motion tokens {t2,¢)} of the base layer under
the guidance of text ¢ and capture the complex temporal
relationships between them. Note that for human-human inter-
actions, each motion movement is closely tied to all previous
movements of both individuals. If the motions of two persons
are arranged along a single timeline similar to that used for
single-person motions, the resulting sequence will exhibit a

causal relationship. Then, we can apply a special [MASK]
token to randomly mask and replace tokens in this sorted token

sequence. We use £ to represent the masked sequence. Our
U s USING

Cross
goal is to predict the masked tokens and generate £.,. .

the textual input c, together with 0 _ .

1) Causal Crossover Merge: As shown in Fig. 2Jb), we
first separate the discrete motion tokens of two individuals
and then perform a crossover merge to obtain the crossover
motion tokens ¢¢,.,,, = {t)[;/07)}i21. Here, n denotes the
length of the discrete token sequence for each single-person
motion, [-] is the ceiling function (rounding up), / represents

division operator, and p can be obtained as follows:

a, i%2=1

b, i%2=0, ®)

p =
where % denotes the modulo operation.

2) Masking and Remasking Strategies: [MASK] and [PAD]
are learnable special-purpose tokens. The [MASK] token is
used to denote corrupted input, and the model is trained
to predict the original tokens in place of [MASK]. The
[PAD] token is employed to pad shorter motion sequences,
facilitating batch processing for sequences of varying lengths.
The token sequence t9. .. is masked by replacing it with
[MASK] following two stages. Firstly, our approach randomly
masks the entire motion token sequence. The masking ratio is
scheduled with a ratio (7;), which is controlled by a pre-
scheduled function:

~(7;) = cos (7;—7) € [0,1]
Ti ~U(0,1).

(6)

Then, we employ a remasking strategy, as used in [55]. If a
token is selected for masking, there is a 80% chance that this
token will be replaced with [MASK], a 10% chance that it will
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be randomly replaced, and a 10% chance that it will be kept
unchanged. Finally, we adopt step unroll masking from [56],
where we remask a portion (y(7;+1)) of the predicted tokens
with the lowest confidence scores and predict them again.

3) Identity-Aware Positional Encoding: In conventional ap-
proaches [5]], [6], [57], identical positional encoding schemes
are applied independently to Person A and Person B. This
methodology presents two significant limitations: first, it fails
to capture the distinct identity information of each individual;
second, when motion sequences are interleaved in cross-modal
inputs, it induces positional confusion, thereby impairing the
model’s ability to discern the respective positional contexts of
A and B.

To mitigate these issues, we introduce a novel identity-aware
positional encoding scheme that incorporates learnable person-
specific embeddings. Specifically, we first apply temporal
positional encoding to the entire cross-sequence to establish
chronological order. We then assign role-based identities,
where the person at odd indices (1st, 3rd, Sth, etc.) of the
cross-sequence is labeled as ”Active”, while the person at even
indices (2nd, 4th, 6th, etc.) is designated as Passive”. This
dual encoding scheme enables the model to simultaneously
capture temporal dynamics and distinguish between character-
istic interactive behaviors, such as initiative and responsiveness
during motion generation.

During training, the assignment of Active/Passive roles
to specific persons is randomly alternated across different
sequences to prevent the model from developing fixed char-
acter associations. When Person A is assigned the active role
and Person B is assigned the passive role, the encoding is
formulated as:

!
Xcross = P(Xcross> + Rioles,
— [pA B A B
Rroles - [pactive7 ppassive7 Paciive> ppassive7 ce ]
Here, P(-) represents the standard cosine positional en-

coding applied to the entire cross-sequence Xcross =
[x! x} x2 ], providing continuous temporal indices

(7

x),x},x2,x7,. ..
[0,1,2,3,...,2n — 1]. The role embedding matrix Rygjes
contains alternating role-specific embeddings, where pZ, .
and pgssive denote the active and passive embeddings assigned
to Person A and Person B respectively.

within V' steps.

When roles are reversed during training (Person B as
active, Person A as passive), the embedding assignment be-
comes [PZyer Pinssiver Pativer Phassives - - - |- This stochastic role-
swapping strategy enhances the model’s adaptability and gen-
eralization capability by encouraging it to capture contextually
appropriate role assignments rather than relying on predeter-
mined character associations.

4) Temporal Attention: As illustrated in Fig. [3(a), the input
masked tokens are processed through a processing step to
obtain the token embeddings eﬁi?oss for block [, where [ €
{1,2,...L}. Furthermore, we utilize adaptive normalization
layers [58]] for regularization. The block architecture begins
with a temporal attention module, followed by a feedforward
network (F'F'N). This design captures the temporal dependen-
cies throughout the entire motion token sequence, embedding
eglr)oss into a crossover context vector gﬁi?oss. The computation
of gngss is formulated as follows:

Goss = FEN(Attn(Q', K", V')
Qta (Kta)T
vW

where the temporal query Q‘?, temporal key K*¢, and tempo-
ral value V?® matrices are computed as linear projections of
the crossover embeddings eE,QOSS. W is the number of channels
in the attention layer.

5) Interactive Attention: As illustrated in Fig. Ekb), this
module primarily consists of two attention mechanisms with
shared parameters: self-attention and cross-attention. The self-
attention mechanism ensures that each motion token sequence
focuses on its own information, while the cross-attention
mechanism facilitates interaction between the motion infor-
mation of the two individuals. Using the formulation in Eq[5
we decompose the representation gglmss into its constituent
components g((f) and gl(f). Then, the self-attention mechanism

embeds the current hidden states g(!) into a context vector
(OB
ct:

= FFN(softmax( yVie), (8)

cl!) = Autn(Q", K3, Vi),
oy = Atn(Q}" K", Vi), ©)



where the attention matrices {Q3% K:3% V3*} and
{Q;*, K;*, V;*} are obtained by applying linear projections
to their respective g((ll) and gl()l). Subsequently, the cross-

attention mechanism embeds ¢ into a context vector
(I+1).
e :

etV = FFN(Atin(Qy", K", Vi),
etV = FFN(Attn(Q5®, K%, VEr), (10)

where the {QS¢*, K5*, Vie} and {Qg*, K{*, Vi*} matrices
. . ¢ (1 .
are linear projections of c,’ and c,’ respectively. After
obtaining eglﬂ) and el()lﬂ), we can apply the formulation in
Eq to perform crossover merge operation, yielding egitig
6) Training Objective: As defined in Eq[TT} our TMT fy is
optimized by minimizing the negative log-likelihood of target
predictions, calculated by determining the cross-entropy loss
between the one-hot encoded actual labels and the predictions
generated by the model.

2n
Linask = — Z IE:fgoss(i):[MASK] IOg fo (tgross(i) |£(choss(i)7 C) (11
1=1

C. Conditional Temporal Residual Transformer

As shown in Fig. @Kc), we learn a TRT to model the re-
maining crossover tokens of V' layers. Following the approach
used for TMT, we employ Causal Crossover Merge to generate

|4 2 v

lom1 = {t;;(u/z])}i&}v_l’
where [-] is the ceiling function, / denotes division operator,
p is defined in Eq. 5]

Next, we randomly select a layer ¢ € [1,V] for learning.
TRT fy is trained to predict the v-th layer tokens based on the
text ¢, the RQ layer indicator v, and the token embeddings.
Here, the token embeddings summarize the embeddings of all
previous layers. The overall training objective of our TRT is:

1 v
motion token sequences [tU,,,s

q 2n

Lres = — Z Z IOg f¢'(t2ross(i) |t(1,r’i);sl(z)’ & U)'

v=1i=1

12)

D. Inference

The inference process, as shown in Fig. [ involves three
stages. Initially, starting from a fully masked sequence, TMT
generates token sequences for both individuals over I itera-
tions. In each iteration ¢, TMT predicts the probabilities for
the masked tokens, samples new tokens, and then remasks
those tokens with the lowest [v(%) - 2n] confidence scores
until ¢ reaches I. We use a cosine schedule ~ (%) to control
the number of tokens retained, which increases as the iteration
count ¢ progresses. Once TMT completes its prediction, we
can obtain an identity-sensitive temporal token sequence. TRT
then proceeds to gradually predict the token sequences for
the remaining quantization layers. Subsequently, the fully
predicted crossover token sequences are split according to
the method described in Eq. 5] yielding individual token
sequences for person A and person B. Finally, the token
sequences for both individuals are decoded and projected back
to motion sequences through the RVQ-VAE decoder. Classifier

Free Guidance (CFG) [59] is employed for both TMT and
TRT to improve optimization, following the approach in [60].
The final logits 1), are computed by interpolating between the
unconditional logits 1), (i.e., ¢ = () and the conditional logits
1., scaled by a guidance factor s:

wg:¢u+3'(¢c_¢u)- (13)

IV. EXPERIMENTS
A. Datasets

Our experiments are conducted on the two largest interactive
motion datasets: InterHuman [5] and InterX [57].

InterHuman consists of 7,779 interactive motion se-
quences, each paired with 3 distinct textual annotations.
It adopts the Amass [61] skeleton representation with 22
joints. Each single-person motion is represented as m, =
[§8,Jg.i"¢/], where jb € R3Vi denotes global position,
j; € R3Ni represents global velocity, j* € R/ indicates
local rotation, and ¢/ € R?* signifies binary foot contact
features, with m,, € R??. Here, N; denotes the number of
joints.

InterX, currently the largest dataset for human-human inter-
action, contains 11,388 interactive motion sequences, each also
paired with 3 textual annotations. It follows the SMPL-X [62]
skeleton representation, which includes 56 joints covering
the body, hands, and face, along with root orientation and
translation, represented as m,, € R336,

B. Evaluation Metrics

We adopt the evaluation metrics used by InterGen [5]. These
include the Frechet Inception Distance (FID), which measures
the dissimilarity between the distributions of generated in-
teractions and the distributions of real interactions. We use
R-Precision and Multimodal Distance (MM Dist) to assess
the match between generated interactions and input text. We
also compute the Diversity to evaluate the range of varia-
tions within the generated interaction distributions, and Multi-
Modality (MModality) to calculate the average variance of
generated interactions from a single text prompt. To compute
these metrics, we borrow the text and motion encoders from
[5]1, [57] to extract latent space features.

C. Implementation Details

Our HiTMM model is implemented using PyTorch. We use
the frozen CLIP-ViTL/14 model [42]] as our text encoder. The
interactive motion RVQ-VAE consists of 6 quantization layers,
each with a codebook of 512 512-dimensional codes and a
downscale factor of 4. TMT contains 6 layers and 6 heads,
with a latent dimension of 384. TRT contains 8 layers and 8
heads, with a latent dimension of 384. The batch size is set
to 512 for training RVQ-VAE, and 52, 64 for training TMT
and TRT. The learning rate for all models in HITMM is set to
2e-4. During inference, we use CFG scale of 2 and 4 for TMT
and TRT on both datasets. Finally, the number of iterations [
during inference is set to 12 for both datasets.



TABLE I
QUANTITATIVE EVALUATION ON THE INTERHUMAN AND INTERX TEST SETS. THE IN2IN MODEL UTILIZES BOTH INTERACTION TEXT AND
INDIVIDUAL ANNOTATIONS, WHILE IN2IN* RELIES SOLELY ON INTERACTION TEXT. & INDICATES A 95% CONFIDENCE INTERVAL AND — MEANS THE
CLOSER TO GROUND TRUTH THE BETTER. RED FACE INDICATES THE BEST RESULT, WHILE BLUE REFERS TO THE SECOND BEST.

R Precision?

Dataset  Method FID] MM Dist|. Diversity—  MModality
Top 1 Top 2 Top 3
Ground Truth 0.452%:008  0,610%009  .701%:008  (.273+.007 3 755+.008 7 gqg+.064 -
TEMOS 0.224+010  .316+:013 (g 450%:018  17.375%+.043 3494015 939+ 71 535+.014
Iter  T2M [19] 0.238%:012  0.325+:010  .464+014 13769072 57314013 7,46+.022 1 3874076
Human MDM [21] 0.153%:012  0.260+-009  .339+:012 9 167+:056  7195+.018 7 602+.045 9 35)+.050
ComMDM 0.223+:009  (.334+.008 (g 466%:010  7,069%:054  §.212+:021  7.24q+038 7 gook.052
InterGen 0.371+£:010 5154012 ,g24%.010  5.918+.079  5708+014  7.387£.029 9 147+.063
MoMat-MoGen 0.449+:004 . 5914:003  ,g66+:004 5674085 3790+ 001 g 21435 1 995+.023
in2IN* [6] 0.425%:008 05764008 6e2%-009 5 535%-120 3 8034002 79534047 7 9754023
in2IN 6] 0.455%-:0040,611%#:005 6874005 51774103 3.79p+.002 7. 940%.030 7 gg1£-038
InterMask 0.449%004  (.599+:005  (,683+:004  5154%:061 3790002 79444033 1 737+.020
HiTMM 0.452+:001 06134003 0,697+:003  5,017+:051 3789+ 001 79714030 . 916+-034
Ground Truth 0.420%:004  0.626+:003  0.736%:003  0.002%:0002 3536013 9. 734+.078 -
TEMOS 0.092%:003  0.170%:003  0.238+:002  99.958+:069  6.867+018 47385078 () g72%-041
T2M (19 0.184%-:010 0.298+-:006  .396+-005 54814382 g 576+.006 g 77H.151 g 761£.042
InterX  MDM [21] 0.203+:009  0.329+-007  (.426+-005  23.701+-057  9.548%-014 5 856+-077 3 490+-061
ComMDM 0.090%:902 01655004 02365004 292665067 6.870F-017 4734067 . 771£.053
InterGen [3)] 0.207%1:004 03355005 429%.005 59074216 g 5gp+-011 7 78g+.208 3 gg+-052
InterMask [11] 0.403+:005  0.595+:004 07054005 0.399+-013 3705017 9.046%073  2.261+-081
HiTMM 0.425%:003  0.614+:004  .727+:003  373+012 3677013 g 371+.064 2 376%.065
?
-~
InterGen ! _,;r
| I\ \
= A
in2IN /, 8
K |
InterMask ‘\_
L
HiTMM 9

—

X

Fig. 5. Interaction Description: One person kicks the right leg first and then the left leg towards another person. The X-axis represents time.

D. Comparison with Previous Work

We evaluate our method with state-of-the-art approaches
[31-17), 11T, [17), [19], [21], [46] on the InterHuman and
InterX datasets.

1) Quantitative Comparisons: Table [[I] presents the evalua-
tion of our HITMM compared to previous methods. Following
previous works [5]|, [11]], We report the average values of 20

repeated generations with a 95% confidence interval. Over-
all, HITMM establishes new state-of-the-art results on both
datasets. Specifically, it achieves the lowest FID score (5.017
on InterHuman and 0.373 on InterX) while simultaneously
outperforming all baselines for only interaction text in R-
Precision and MM Dist. Notably, our model, which relies
solely on interaction text, outperforms in2IN IE]], a method
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Fig. 6. Interaction Description: One person greets with his right hand, while the other person places his hands on his chest. The X-axis represents time.
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Fig. 7. Interaction Description: Two people exchange greetings with a wave of the hand. The X-axis represents time.

that utilizes both individual text information and interaction

. .. . TABLE III
text, on key metrics such as R-Precision and FID. This COMPARISON OF RECONSTRUCTION QUALITY AND TRAINING TIME
further demonstrates the superiority of our approach. Although BETWEEN OUR PROPOSED INTERACTIVE MOTION RVQ-VAE AND

INTERMASK [[IT]’S SPATIO-TEMPORAL VQ-VAE. BOLD INDICATES THE

multimodality contributes to motion diversity, we prioritize the
BEST RESULT.

generation quality over MModality. In [9], it is revealed that an

overemphasis on MModality without considering the quality of Method FID R-Precision MM Dist Training
.. . . . €tho .

the generated results may lead to optimization issues, resulting { Top-31 { Time |

in random outputs for any given input. Spatio-temporal VQ-VAE ~ 0.976 0.667 3.797 10h10m

Ours (RVQ-VAE) 0.956 0.673 3.795 1h40m

2) User Study: We further conduct a user study on the
InterHuman dataset to evaluate our model against InterGen (3],
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Fig. 8. User study comparing our HITMM with InterGen [5]], in2IN [|6] and
InterMask [11].
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Fig. 9. Different token merging methods.

in2IN [6] and InterMask [11]]. For HITMM, InterGen [5] and
InterMask [[11], we generate motion sequences based on 30
different interaction texts. For in2IN [6], in addition to the
interaction texts, we incorporate individual text information
to compare with the best version of in2IN [6]. To ensure
diversity in expertise, we recruit 20 participants for this user
study, including 10 students from our field and 10 from
other disciplines. They are asked to compare HiTMM side
by side with each SOTA method, including InterGen [J5],
in2IN [6]], and InterMask [[11]]. For each comparison, partici-
pants are randomly required to select one from three options:
“HiTMM”, “The Other Model”, or “Hard to Compare” based
on comprehensive evaluation of both generation quality and
text alignment. As shown in Fig. [8] 58.5% of the participants
preferred HITMM over InterGen (31.33%), 54.83% preferred
HiTMM over in2IN (30.83%) and 51.16% preferred HITMM
against InterMask (34.33%).

3) Qualitative Comparisons: We compare our genera-
tions with the current state-of-the-art models: InterGen [5]],
in2IN [6]] and InterMask [IT]. As shown in Fig[5] Figlf] and
Fig[7, HITMM generates highly realistic interactions, at the
same time well aligned with textual descriptions. Through
qualitative evaluation, we observe that HITMM consistently
outperforms InterGen [5]], in2IN [|6] and InterMask [11]] across
various scenarios. For instance, in the scenario described as
“One person kicks the right leg first and then the left leg
towards another person”, InterGen incorrectly shows kicking
the left leg first, while in2IN depicts one person kicking
the left leg and the other kicking the right leg. InterMask

TABLE IV
ABLATION STUDY RESULTS ON THE INTERHUMAN TEST SET TO VALIDATE
DIFFERENT MERGING METHODS. BOLD INDICATES THE BEST RESULT.

. R-Precision FID MM Dist  Diversity
Token Merging Methods Top-1 1 1 1 N
Inner Concatenation 0.427 5.120 3.795 7.982
Outer Concatenation 0.442 5.113 3.791 7.996
Causal Crossover Merge 0.452 5.017 3.789 7.971
6.0
Methods AITSY FIDd o
@ InterGen 1.86 5.91
581 in2IN 1.75 517
InterMask 0.81 5.15
564 % HiTMM 0.70 5.01
a
L5 41
5.2
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Fig. 10. The comparison of motion generation quality (FID score) and speed
(AITS) between HITMM and SOTA methods on the InterHuman dataset. All
tests are conducted on the same NVIDIA 3090. A model closer to the origin
indicates superior performance.

shows one person kicking the right leg but not subsequently
kicking the left leg. In the case of “One person greets with
his right hand, while the other person places his hands on his
chest”, InterGen does not show a person raising their right
hand. Meanwhile, both in2IN and InterMask incorrectly show
the person raising their left hand. Finally, for the prompt
“Two people exchange greetings with a wave of the hand”,
InterGen suffers from severe interpenetration issues between
the two individuals, while in2IN only depicts one person
waving, thereby failing to capture the concept of “exchange”.
While InterMask generates motions consistent with the text, it
exhibits noticeable artifacts such as abnormal foot movements.
In contrast, our method generates high-quality motions that
closely match the interactive text descriptions, demonstrating
superior alignment and realism. For fair comparison, the
images shown in Fig. 5] Fig. [6l and Fig. [7] are sampled
using the same fixed time interval as all compared methods.
Please refer to the supplementary demo videos for dynamic
visualizations.

4) Comparison of Quantization Methods: Table [Tl presents
a comparison between our method and the spatio-temporal
VQ-VAE of InterMask [|11] in terms of reconstruction quality
and training time. Our coarse-to-fine quantization approach
not only yields more realistic reconstruction results but also
requires significantly less training time. Specifically, for train-
ing, our method completes in just 1 hour and 40 minutes on a
single NVIDIA 3090 GPU, which is significantly faster than
the 10 hours and 10 minutes required by InterMask’s spatio-



TABLE V
ABLATION STUDIES CONDUCTED ON THE INTERHUMAN TEST SET TO VERIFY THE ESSENTIAL COMPONENTS OF THE PROPOSED TMT. W/O DENOTES
“WITHOUT”. BOLD FACE INDICATES THE BEST RESULT.

R-Precision?

Method FIDJ MM Dist] Diversity—  MModality1
Top 1 Top 2 Top 3
Ground Truth 0.452%:008 (9 610%-009  (701+:008 (9 973+.007 3 755+.008 7 gqg+.064 -
Individual Mask 0.441%-006  .603+-005  (683%-003 5 914+.078 3790001 7943+.032 (g 915+.032
w/o Identity-Aware Positional Encoding ~ 0.443%-:004 (0 597£.004 9 gg5+-:005  57113%.071  3790+.001  7.960E-035  (,904+-033
w/o Temporal Attention 0.441%005  (599+005  (ggq+004  5930+.072  3790+.001  7963+.033  ( gpgt-033
w/o Interactive Attention 0.445%:005  .602%-003  (681%-004 5 519+.079 3790001 79go+.030  ( gREE-035
HiTMM 0.452E-004 613003 (,697+-003  5017+-054  3789+.001 7 977+.030  (jg77+.035
TABLE VI
ABLATION STUDIES ON THE RESIDUAL QUANTIZATION LAYERS DURING 8.5 —e— FID 383
TRAINING. BOLD REPRESENTS THE BEST RESULT. —m— MM Dist
Residual R-Precision FID MM Dist  Diversity MModality 7.71 [3.82
Quantization Layers Top-1 1 1 1 — 1T
V,0) 0.382 7.512 3.813 7.822 0.830 6.9] 381 —
V,1) 0.400 6.935 3.806 7.834 0.897 RZ]
(V,2) 0.423 6.608 3.801 7.913 0.912 [a] o
V,3) 0.440 5.386 3.795 7.892 0911 - %
(V.4) 0.446 5.203 3.794 7.940 0.941 6.11 r3.80
V.,5) 0.452 5.017 3.789 7971 0.916
(V,6) 0.447 5.226 3.794 7.983 0.955
v,7) 0.432 5782 3.795 8.001 0.946 5.3 13.79
TABLE VII
4.5 3.78
ABLATION STUDIES ON QUALITY INFLUENCED BY THE NUMBER OF 10 20 30 40 50 6.0

CODES AND THE CODE DIMENSION. BOLD INDICATES THE BEST RESULT.

[number of code , R-Precision FID MM Dist  Diversity

code of dimension] Top-1 T I 1 —
[256 , 1024] 0.434 5.853 3.801 7.942
[512, 512] 0.452 5.017 3.789 7.971
[1024 , 256] 0.447 5.563 3.793 7.847

temporal VQ-VAE.

5) Speed and Efficiency Advantages: In addition to its
exceptional fidelity and text alignment performance, HITMM
also demonstrates significant advantages in training efficiency
and inference speed. In terms of training efficiency, HITMM
completes all training phases in just 3 days on a single
NVIDIA 3090 GPU, which is 70% more efficient than both
InterGen [5] and in2IN [6] requiring 5 days with two NVIDIA
3090 GPUs. Regarding inference speed, as shown in Fig. [I0]
HiTMM achieves excellent inference efficiency while main-
taining the best FID score (5.017), outperforming all other
baseline methods.

E. Ablation Study

1) Merging Methods: Fig. P illustrates different merging
methods for two-person motion tokens. Inner Concatenation
refers to concatenating the valid tokens of both individuals
while padding the remaining tokens. Outer Concatenation de-
notes concatenating directly the entire set of motion tokens of
the two persons. Causal Crossover Merge represents causally
merging the two-person motion tokens. We apply these merg-
ing methods to both TMT and TRT, with the ablation results
shown in Table[[V] Among the three merging methods, Causal
Crossover Merge achieves the best performance, effectively

Guidance scale for TMT

Fig. 11. Evaluation of the guidance scale s for TMT during inference.
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Fig. 12. Evaluation of the guidance scale s for TRT during inference.

combining the human-human motion tokens along a single
timeline and significantly improving the quality of motion
generation.

2) TMT: Table |V| presents ablation studies to evaluate the
key components of our TMT. We compare different modeling
approaches, attention mechanisms, and masking strategies. In-
dividual Mask indicates randomly masking the discrete token
sequences of person A and person B separately. Notably, the
removal of any key component leads to a decrease in perfor-
mance. Our complete HITMM model outperforms all ablated
versions, achieving the best results on primary metrics such
as FID, R-Precision, and MM Dist. These results highlight
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Fig. 13. Examples of temporal editing. The slashed region indicates the motion range provided by the reference sequence. The solid region represents the
motion range generated by HITMM, which depends on the text prompt to the left. The X-axis represents time.

the importance of all components in TMT architecture for
modeling human interactions.

3) Residual Quantization Layers (V'): Table [V]] shows the
impact of different quantization layers. More quantization
layers enables more accurate reconstruction in the Interactive
Motion Tokenizer, but also increases the burden on TRT for
generating residual tokens. We observe that when V' = 5, the
optimal balance is achieved between reconstruction quality and
computational cost.

4) Codebook Size: Table [VII] demonstrates the results of
increasing the number of codebook entries from 256 to 1024
while reducing the dimensionality of the codebook latent space
from 1024 to 256. While a larger codebook size enables
richer motion representation, it may introduce redundancy
in the codebook. Our experiments reveal that the optimal
balance is achieved with 512 codebook entries coupled with a
512-D latent space, which delivers peak performance without
compromising efficiency.

F. Inference Hyper-parameter

The CFG scale is a critical hyperparameter in the masked
modeling inference process. As shown in Fig. [IT] and Fig.
we demonstrate the performance curves of FID and MM Dist
by scanning different s values for TMT and TRT on the
InterHuman dataset. The optimal guidance scale for TMT
inference is set around s = 2. Over-guidance during inference
may even degrade performance. For TRT, the best performance
peaks at s = 4 with an FID of 5.017, which is better than s = 5

TABLE VIII
QUANTITATIVE RESULTS OF TEMPORAL EDITING FOR THE PREFIX,
IN-BETWEENING, AND SUFFIX GENERATION.

Editing R-Precision FID MM Dist  Diversity
Location Top-1 1 1 1 —
Prefix 0.458 4.012 3.785 7.948
In-betweening 0.455 4.465 3.787 7.974
Suffix 0.459 4.101 3.785 7.965

with an FID of 5.048, while the MM Dist remains the same
at 3.789 in both cases.

G. Application: Temporal Editing

By leveraging a unified timeline structure where each dis-
crete token encodes full motion dynamics, along with its
inherent mask-driven design, HITMM is capable of freely
editing any continuous temporal region within an interaction
sequence, similar to how it operates in single-person scenarios.
In Fig. [I3] we demonstrate the ability of HITMM to temporally
edit specific regions within a human interaction sequence. The
interaction sequence is generated based on the textual descrip-
tion “These two people greet each other”. Then, these regions
can be freely selected from the first half, the middle, or the
latter half of the sequence. In particular, we can mask tokens in
specific regions and follow the same inference steps described
in Section We conduct a quantitative evaluation by
performing inpainting on three temporal segments: the initial
25% (Prefix), the middle 25%-75% (In-betweening), and the



final 25% (Suffix). The corresponding quantitative results for
temporal editing are presented in Table [VIII

V. LIMITATION AND FUTURE WORK

Although HITMM demonstrates strong performance in fi-
delity and text-motion alignment for interactive motion gener-
ation, there exist some limitations. Firstly, occasional body
jittering may occur when visualizing SMPL [63] meshes,
due to the absence of physical constraints and interactions
with the physical environment during the motion generation
process. Therefore, integrating interactions with a physical
environment represents a promising direction for future work
to enhance the physical plausibility of the generated motions.
Secondly, HITMM requires the target motion length as input
for generation, a limitation stemming from the inherent design
of current masked generation models. This could potentially
be addressed by pretraining the t2m [[19] model on paired
interaction datasets and applying the text2length sampling.
Finally, for fast-changing motions, sudden position swapping
between the two characters may occur. This may be caused
by the overly compact discrete tokens representing paired
interactions, which limits the model’s ability to fully capture
the specific roles of each individual. To address this, enhancing
the identity information of both characters while ensuring
temporal coherence presents a promising avenue for future re-
search. We plan to investigate and address the aforementioned
limitations in future work.

VI. CONCLUSION

In this work, we present HITMM, a novel temporal masked
motion model that generates identity-aware, high-quality 3D
human interactive motions from textual descriptions while
maintaining causal temporal control. HITMM comprises three
key components: (1) an interactive motion tokenizer that
transforms 3D human interactions into multi-layer latent space
tokens; (2) a conditional temporal masked motion transformer
that predicts the base-layer motion tokens conditioned on
interaction text; and (3) a conditional temporal residual motion
transformer that predicts the remaining motion tokens using
the same text condition. HITMM reformulates the generation
of two-person motions as the generation of human motions
along a single timeline. It also incorporates identity-aware
guidance into the generation process, thereby further enhanc-
ing the temporal controllability of human-human interaction
synthesis. Extensive experiments demonstrate that HITMM
outperforms state-of-the-art methods both qualitatively and
quantitatively. Benefiting from its superior temporal control
and masking properties, HITMM achieves temporal motion
editing across multiple contexts in the field of human interac-
tive motion generation.
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